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Introduction

Probability begins and ends with probability.
John Maynard Keynes (1921, p. 356).

In his seminal book on econometric inference, Ed Leamer (1978, p. vi) observes a wide gap
between the theory and practice of econometrics. Mainstream econometric theory follows
the dominant view in probability theory, based on a relative frequency interpretation and
repeated sampling. Econometric practice, as Leamer observes it, is more like
'specimetrics'. Given a limited and unique set of non-experimental data, the applied
econometrician tailors a specification to the data.

This activity has little to do with popular ideas in philosophy of science and
probability theory. If economists and econometricians have faint knowledge of philosophy
of science, it tends to be Popperian philosophy. The most recent methodological paper in
the Journal of Economic Literature is an exposition on Popper (Caldwell, 1991). A popular
econometric methodology is claimed to be (neo-) Popperian (Hendry, 1993), and Popper is
about the only philosopher of science occasionally cited in Econometrica. The basic
message of Popper is quite simple: scientists should formulate falsifiable hypotheses and
actively try to falsify them. If the empirical problem is probabilistic rather then
deterministic, the scientist is supposed to apply a probabilistic version of
falsificationism, perhaps by using the methods of Neyman and Pearson. However, despite
verbal support to Popper and Neyman-Pearson methods, few econometricians actually
practice what they preach. Hence, either Popper is wrong, or the 'specimetricians' are. I
am convinced it is Popper who is at fault. The basic problems of Popperian methodology
are a misunderstanding of probabilistic inference, and a misapprehension of the
importance of confirmation. This is not a novel observation: in philosophy of science,
Popper has long been out of date. Since then, philosophy of science is in a state of
disarray. Rather then searching for a new hero, I have attempted to reconstruct the
foundations of econometric inference by looking at various interpretations of probability
theory that underlie econometrics. Those foundations, I argue, are consistent with
positivism.

Chapters 2 to 4 deal with different interpretations of probability. First, some
elementary notions of probability theory are introduced (Chapter 2), based on the
formalism of Kolmogorov. This is followed by a short discussion of the indifference
theory of probability. This view is outdated, but remains of interest as a source of
inspiration to other theories and as a first attempt to link probability and scientific
inference. Chapter 3 digs into the relative frequency interpretation of probability,

1



2 Introduction

which today dominates probability theory as well as econometrics. Unfortunately, there is
not just one relative frequency interpretation. Contenders are a theory of inductive
inference based on 'collectives', i.e. infinitely large samples (Von Mises), an inductive
small sample theory (Fisher), and a theory of inductive behaviour based on repeated
sampling (Neyman-Pearson).

If an econometrician would be able to consult Von Mises, Fisher and Neyman-Pearson on
how to proceed with an empirical problem, the answers would probably be disappointing.
Von Mises might suggest to drop the problem, as the sample is unlikely to satisfy the
requirements spelled out for collectives. Perhaps a micro-econometrician, with a sample
of 20.000 observations, would receive more precious time until Von Mises discovers that
it is not likely that the probability distribution of the observations converges to a
stable one. Fisher, on the other hand, might ask about the underlying experimental design
from which the proper specification should follow. If the econometrician reveals that the
problem is rather to find a proper specification, without being able to control the
design, Fisher might become impatient and suggest to drop the problem and help him to
feed his mice. Neyman and Pearson, in their tum, would ask what decision has to be made.
Well, our econometrician reveals, the purpose rather is to provide a statistical
description of human behaviour, or to find out whether money causes influenza. 'An ill-
defined research project, my friend,' Neyman and Pearson respond. Finally, consulting
Popper on his ideas on probability would prove to be a waste of time. Back home, the
statistical package installed on the computer provides consolation: after extensive trial
and error, the econometrician has all signs right, most t-statistics larger than 2 and an
R2 sufficiently large to warrant optimism about the referees verdict on the paper.

Still, the positivist and empiricist approaches to scientific inference of Von Mises
and Fisher, respectively, are very appealing. Their writings deserve to be read by
econometricians and economic methodologists. But in Chapter 3 I suggest that the views of
Von Mises, Fisher and Neyman-Pearson are not suited to the demands of econometrics. They
even suffer from logical defects. This has not hampered the triumphant progress of
econometrics based on frequentist beliefs. Many useful empirical investigations have
resulted from the blend of methods, due to Von Mises, Fisher and Neyman-Pearson, known as
mainstream econometrics. However, the shaky foundations have made econometric inferences
vulnerable to criticism that econometricians rig their results. Statistics already tends
to arouse distrust, but the credibility gap that surrounds econometrics is even more
alarming.

A different interpretation of probability may help. This interpretation,
epistemological (or Bayesian) probability, relates probability to beliefs instead of mere
frequencies of events. It is discussed in Chapter 4. As with the frequency theory of
probability, there is not just one epistemological theory of probability. The early
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expositions of Bayes and Laplace became extinct until Keynes and Jeffreys revived
epistemological probability this century. Keynes and Jeffreys have been followed by
Carnap, Ramsey and De Finetti. Keynes emphasized philosophical issues while Jeffreys was
more interested in using epistemological probability techniques as a practical tool of
inference. For this practical reason, Jeffreys' impact on (Bayesian) econometrics has
been larger than Keynes'. Both raise interesting issues. Keynes deserves to be discussed
because of his principle of limited independent variety, Jeffreys for his elaboration of
the basic stumbling block of epistemological probability: the prior probability. Without
a satisfactory way to deal with non-informative priors, I argue, epistemological
probability is defective. As an elaboration of Jeffreys' approach, I discuss how
'universal priors' may help to resolve the issue of prior ignorance. A second problem
with epistemological inference is that it presupposes rather unlimited human rationality,
logical omniscience. This is an un-realistic assumption that should be dropped. A deeper
investigation of epistemological probability reveals that perfect inference is not
possible. Only approximations will do, and, occasionally, approximations based on
relative frequencies may be quite satisfactory.

So far for different interpretations of probability. They are discussed in more
detail in Part I of this book. Part II considers inference in econometrics. How can
economists learn from experience, when they tum to probabilistic methods? Economic
theories tend to be accompanied by ceteris paribus clauses. The method of multiple
regression (due to Galton and Yule) may serve as a tool to deal with the ceteris paribus.
However, given the limited number of observations that econometricians have, many
alternative specifications (with different explicit ceteris paribus conditions) can be
obtained. Keynes' criticism that it is unlikely that different econometricians will
obtain the same specification is as relevant today as it was when he attacked Tinbergen
in 1939. This episode is discussed in Chapter 5. This chapter also deals with the so-
called 'probability approach to econometrics', advanced by Koopmans and Haavelmo. It is
interesting to see how they tried to implement Fisher's and Neyman-Pearson's methods to
econometrics. I show that they use the language of those probability theorists without
being able to follow their substantive methodological ideas. The problem that recurs in
this chapter is the excessive specification uncertainty that hampers economists, without

being able to design experiments to resolve the problems.
Chapter 6 deals with this specification uncertainty. Recently, different

econometricians have tried to deal with this issue. One strategy is based on the theory
of reduction. It owes some of its inspiration to Fisher, although it is tailored to the
context of econometrics. This view, also known as 'general to specific modelling', has
gained increased popularity among econometric theorists. However, econometric practice
remains distinct from this theory: few econometricians really obey the strait-jacket
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imposed by reductionism. Moreover, the methodology does not clarify why one should prefer
simple models. Simplicity is a problem in other approaches to specification uncertainty
as well. Leamer's sensitivity analysis and Sims' vector autoregression approach are
discussed and criticized. The theory of simplicity, set forth in this chapter, is an
attempt to clarify the importance of simplicity for scientific inference. Unlike many
philosophers and econometricians, I claim that an understanding of simplicity is crucial.

Chapters 7 and 8 discuss testing in econometrics. In Chapter 7, the perspective is
determined by an example, testing homogeneity of degree zero of demand functions. It is
shown that the apparatus to test statistical hypotheses was extensively used, but the
implications of the tests were (and often still are) badly understood. A number of
authors suggest to test demand theory, as Popper would like to see it. However, viable
alternatives to neo-classical demand theory are not available. Reading closely, it is
more reasonable to interpret the tests as tools in specification searches. Testing
homogeneity is a sequence of rejections without falsifications. The tests are efforts to
obtain models that are 'adequate to the phenomena' (a notion of the positivist Van
Fraassen), econometricians aim at useful interpretations of the data. A problem is that
'adequacy' is a vague notion. Neyman-Pearson criteria for adequacy (like maximum power
given test size) are poor tools for obtaining economic adequacy. Criteria discussed in
Chapter 6, based on the theory of simplicity, might be more satisfying but have not yet
been implemented in the 'search for homogeneity'.

If viable alternatives are available, probabilistic testing of economic hypotheses
obtains an extra dimension. In this case, methodologists can learn from econometrics, in
particular about the problems that accompany such testing. There are different ways to
deal with this problem, frequentist as well as epistemological. Frequentist methods
(based on comprehensive testing and Cox' approach) may yield conflicting evidence (like
rejecting one hypothesis against the alternative and reversely), or suffer from lack of
power to discriminate between models. Epistemological approaches suffer from similar
weaknesses. A decision theoretic approach to testing raises hard questions about what
decision is implied, and which losses may be expected. Scientific learning rarely
involves such decisions. Considering matters of simplicity may be helpful in appraising
rival theories.

Part III of this thesis turns to the quest for 'truth'. According to POSItIVISt
thinking, adequate approximation of models to data rather than inferring the truth is the
goal of science. A problem emerges if the world changes, due i.a. to increased knowledge
about the world. This I call reflexivity. It may lead to self-fulfilling prophecies as
well as scientific traps. The econometrician aims at a moving target. Von Mises'
convergence condition does not apply to economics, because of a fundamental problem of
indeterminacy. This undeimines the appropriateness of relative frequency interpretations
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of probability (in addition to the objections expressed earlier). But it also invalidates
perfect coherency, De Finetti's criterion for a rational degree of belief interpretation
of probability. The alternative is not whimsical subjectivism, but a theory of inference
that incorporates bounded rationality. Econometricians should, therefore, remain open
minded to surprise and revision (not just updating) of their prior. Chapter 9 deals with
those issues.

An empiricist approach to inference is tenable, where many elements of positivism can
survive. In Chapter 10, the aims of econometrics are discussed. A positivist perspective
is given on measurement, causality, testing and prediction. Those rival aims are
reconcilable in view of the theory of simplicity. I argue that the empiricist-positivist
views of Karl Pearson, R.A. Fisher, Richard von Mises and Harold Jeffreys provide useful
insights to econometricians and students of economic methodology. Although I agree with
post -modernists, who represent a current fad in philosophy, that aiming at truth (or
convergence to certain knowledge) is hardly sensible, I hold that good old positivist
values should be kept and praised. With this message, I conclude this book.

A few disclaimers should be made. The object of this treatise is narrow insofar
discussions on testing and empirical economic analysis are restricted to econometric
analysis. This does not mean that there are no other ways of doing empirical economics,
neither is it intended to suggest that purely theoretical work is not interesting.
Probability, econometrics and truth (a title that refers to Von Mises' beautiful book)
intends to provide a complement to books on economic methodology that skip empirical
economics or stop considering empirical economics after the remark that testing in
empirical economics is different from what philosophers would like to see. A neglect of
econometric practice is unfortunate because it leads to a misunderstanding of what
empirical work is all about, and to a misunderstanding of the limitations of testing.

Secondly, even though I have attempted to consider econometric practice, I neglected
some approaches that warrant discussion. In particular, I refrained from non-parametric
econometrics. I also could have elaborated on time series versus cross section issues. I
hope to fill these gaps in a later stage.

Thirdly, the implied readers of this book are econometricians who are interested in
the philosophical and statistical roots of their activities, and economic methodologists
who have an interest in the scope and limits of empirical econometrics. For this reason,
I have tried to explain philosophy to econometricians and econometrics to those with a
more methodological orientation.!

1 I benefited from Flew (1983). Apart from 'How to bluff your way in philosophy', this
probably is the most economic introduction to philosophy available.
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Chapter 1

THE PHILOSOPHY OF INDUCTION

some other scientists are liable to say that a
hypothesis is definitely proved by observation,
which is certainly a logical fallacy; most
statisticians appear to regard observations as a
basis for possibly rejecting hypotheses, but in no
case for supporting them. The latter attitude, if
adopted consistently, would reduce all inductive
inference to guesswork.
Harold Jeffreys (1961, p.ix).

1. Introduction

Probably, few research areas in economics have yielded as high expectations as
econometrics, and few share in the criticism or skepticism that econometrics aroused.
Econometricians have many aims, and many frustrations. The aims vary from measurement, to
prediction, explanation, pursuing policy analysis, establishing causal relationships, and
testing economic theories. They all involve gaining empirical knowledge. The first aim,
measurement, figures in the motto of the Cowles Commission: 'Science is Measurement'.
Without measurement, econometrics could not exist. Milton Friedman (1953) is well known
for his emphasis on the second aim, prediction. This objective is shared by many
methodologists and econometricians. Mark Blaug, for example, asserts that 'the central
aim of economics is to predict and not merely to explain' (Blaug, 1980, p. 262). Arnold
Zellner (1988, p. 31) is typical for the econometricians. He states that predictive
performance is central in evaluating hypotheses and models.

The two most ambitious aims of econometricians are finding causal relations and
testing economic theories. In case of causal inference, one also needs the aims of
explanation and prediction. Zellner (1979), for example, follows the philosopher Herbert
Feigl by defining causality as predictability according to a law. Which law? This is the
problem of discriminating, or testing theories. The ability to test economic theories is
what makes econom(etr)ics a science, according to David Hendry (1980). It hardly makes
sense to aim for testing without aiming to understand. The aims given above are closely
related, even though opinions diverge on what is the 'central aim'.

The econometrician's frustrations arise when the aims are not achieved. Occasionally,
this happens because of technical difficulties. More often, however, deeper problems that
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are less easy to comprehend let alone to solve hamper econometrics. These are the
problems of scientific inference, the logical, cognitive and empirical limitations to
induction. Such problems can be particularly troublesome in the social sciences, where
the inductivist has to deal with a changing and reflective environment.

Has econometrics added to our empirical knowledge of the economy? Some economists are
very skeptical. Frank Hahn (1985, p. 18) for example gloats over comparing econometric
evidence with the evidence for miracles at Lourdes. Some of the most prominent early
econometricians, like Trygve Haavelmo, turned away from econometrics-disillusioned. An
early foothold of empirical econometrics gradually eroded. The share of pages in our
leading journal Econometrica with numbers other than those referring to pages or
equations declined from 33% in the first (1933) volume, to 20% in 1990.1,2 This is not
because most empirical values for economic variables or parameters have been found by
now. Despite the econometric revolution, we do not have a well established numerical
value for the price elasticity of bananas. Our understanding of the economy is far from
perfect, as is our ability to predict. We stilI do not agree whether 'money causes
output.' Rival theories flourish. Hence, we may wonder if econometrics has anything to
contribute to economics. Can we learn from experience, in economics, and if so, does
econometrics serve this purpose? Or is a skeptical attitude warranted?

An important issue in philosophy of science is how (empirical) knowledge evolves.
This issue has a long history, dating back (at least) to the days of the Greek Academy,
and in particular to the philosopher Pyrrho of Elis (c. 365-275 BC.), who is regarded as
the first and most radical Skeptic. Pyrrhonism is one mainstream in skepticism, the other
mainstream is known as Academic skepticism, represented for example by Cicero (106-43
BC.). The latter version of skepticism has no prescriptive aims and is less radical that
Pyrrhonism. Pyrrho, as Russell (1946, p. 256) remarks, very wisely wrote no books. We
know of his ideas via the work of his pupil Timon of Phlius (c. 320-230 BC.) and his
follower Sextus Empiricus (second century A.D.), who's work was translated into Latin in

1 The total pages counted are those devoted to scientific papers, hence all pages
excluding announcements and meeting reports. In 1933, this total equals 429. The
empirical papers are written by Ezekiel, Tinbergen, Schultz, Cowles, I. Fisher, and
Bowley, in total 114 pages. I do not want to suggest that all those papers use advanced
statistical techniques.
The 1990 volume of Econometrica (Volume 58) has 1333 pages allocated to scientific
papers. Empirical papers (excluding those with only artificial data) are those of Balk;
Forsythe and Lundholm; Engle, Ito and Lin; Altug and Miller, Meyer, Eckstein and Wolpin,
Jorgenson, Brown and Rosenthal (notable as a rare statistical test of a hypothesis in
game theory), Stock and Wise, and finally Heckman and Walker. This is 267 pages out' of
1333.
2 Another lamentable change in editorial policy has been the vanishing of historical
papers, like the papers on Cournot, Wicksell and Marshall in Volume 1.
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1569.3 One of the themes of the early Skeptics is that only deductive inference is valid
(by which they mean: logically acceptable) for a demonstrative proof, while induction is
invalid (see also Hacking, 1975, p. 178). Perception does not lead to general knowledge.
According to Russell,

'Skepticism naturally made an appeal to many unphilosophic minds. People observed
the diversity of schools and the acerbity of their disputes, and decided that all
alike were pretending to knowledge which was in fact unattainable. Skepticism was
a lazy man's consolation, since it showed the ignorant to be as wise as the
reputed men of learning.' (Russell, 1946, p. 257)

We may only hope that this caricature is not apt to current controversies in
econometrics.

There was much interest in skepticism since the publication of the translation of
Sextus Empiricus' work. The most decisive contribution to the new debate on skepticism is
due to the historian, economist and philosopher David Hume (1711-1776), who more than any
other contemporary revitalized the skeptical doctrine (although he did not end up as a
Pyrrhonian, i.e. a radical skeptic; see Section 3.1 below). Hume's analysis is so
powerful, that many philosophers still consider it to be a death blow to induction, the
'scandal of philosophy' (as the Cambridge philosopher C.D. Broad called it).4

Hurne argues in his Treatise of Human Nature (1739) that, in the empirical sciences,
it is impossible to obtain causal knowledge. There are no rational grounds for our
understanding. We may observe a sequence of events and call them cause and effect, but we
cannot see the connection between the two of them. This undermines the notion of
causality, and makes 'scientific knowledge' a matter of belief rather than objective
knowledge. Learning from experience does not generate objective knowledge.
Generalizations should be met with skepticism. This is summarized in two principles:

'that there is nothing in any object, considered in itself, which can afford us a
reason for drawing a conclusion beyond it; and, that even after the observation
of the frequent or constant conjunction of objects, we have no reason to draw any
inference concerning any object beyond those of which we have had experience'
(Hume, 1739, Book I, Part ill, Section 12, p. 189)

3 A few earlier translations are known, but those are probably only read by their own
translators. The 1569 translation was widely read and studied in the 16th and 17th
century. All major philosophers of this period referred to skepticism. Descartes, for
example, claimed to be the first philosopher to refute skepticism. See for these and more
details, Burnyeat (1983).
4 See Ramsey (1926, p. 99), and Hacking (1975, p. 31). Ramsey denies that there is no
answer to Hume's problem, but 'Hume showed that it [i.e. inductive inference] could not
be reduced to deductive inference or justified by formal logic. So far as it goes his
demonstration seems to be [mal; and the suggestion of Mr. Keynes that it can be got
round by regarding induction as a form of probable inference cannot in my view be
maintained. But to suppose that the situation which results from this is a scandal to
philosophy is, I think, a mistake.' (Ramsey, 1926, pp. 98-99). See also Chapter 4.3.
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The next section provides a more detailed analysis of Hume's problem with inference.

2. Humean Skepticism

The 'scandal of philosophy', the induction problem or the problem of Humean Skepticism,
is fundamental to empirical scientific inference (not just econometrics). I will present

a few illustrative examples.
May we infer from the fact that the sun came up day after day, year after year, that

it will also come up tomorrow? Or next year? Or millions of years after? The question was
raised in discussing the merits of Laplace's rule of succession (Laplace, 1814; see
Chapter 2.3.3, for discussion).5 Or, not with respect to the future but to a population:
if the only swans ever observed are white, may we infer that all swans are white? (This
is the classic example of an affirmative universal statement.)

The skeptical answer to these questions is: No, we may not draw these conclusions.
Hume would argue that we may observe regularities, but cannot infer (causal) knowledge
from these regularities. The inferred knowledge is not valid as long as we want to behave
in accordance with the basic rules of logic. These rules prohibit to draw a general
conclusion if this conclusion is not entailed by its propositions. There is no logical
reason why the millionth swan should be white if we saw 999,999 white swans before. Of
course, swans can be defined to be white (like statisticians who define a fair die to be
unbiased), making black swans a contradiction in terms (a researcher who finds something
black but otherwise very similar to swans may define this as a 'swack'). If this strategy
is not accepted, the best we can say is: all known swans are white. The conclusion is
conditional on the observed sample. Hence, we have the choice between responding by the
formulation of definitions, or by conditional enumerations. But most empirical scientists
want more: they want to make generalizations. This seems impossible if the induction
problem is insurmountable. Therefore, an understanding of induction is essential.

The logical form of the induction problem is that all observed Xs are <I> does not
entail that all Xs are <1>. The next three chapters, on probabilistic inference, deal with

5 The problem is not trivial. Keynes notes how Laplace calculated that, 'account being
taken of the experience of the human race, the probability of the sun's rising tomorrow
is 1,826,214 to 1, this large number may seem in a kind of way to represent our state of
mind of the matter. But an ingenious German, Professor Bobek, has pushed the argument a
degree further, and proves by means of these same principles that the probability of the
sun's rising every day for the next 4000 years, is not more, approximately, than
two-thirds,-a result less dear to our natural prejudices.' (Keynes, 1921, p. 418). See
also Pearson (1911, p. 141) for a discussion of Laplace and the probability of sunrise.
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a more complex, i.e. probabilistic form of the induction problem: most observed Xs are ~
does not entail that most Xs are ~.

If inductive reasoning is not valid, then we end up with skepticism. There is no
reason to believe any generalization. Of course, this is not a comfortable situation. We
would like to have good reason to believe that the sun will rise tomorrow again, and in
fact we do believe such a thing. John Watkins (1984, p. 12) argues that a philosophical,
or 'rational' answer to skepticism is essential, because otherwise it is likely to
encourage irrationality. Watkins holds that Hume himself regarded philosophical
skepticism as an academic joke. Indeed, Hume uses the expression jeux d'esprit (in A
letter from a Gentleman to his Friend in Edinburgh, included as an appendix to Hume,
1748, p. 116). Describing the person who is afflicted by Pyrrhonism, Hume concludes:

'When he awakes from his dream, he will be the first to join in the laugh against
himself, and to confess, that all his objections are mere amusement' (Hume, 1748,
p. 111; also quoted in Watkins, 1984, p. 12)

This, Watkins argues, is not a rational answer to skepticism, and even encourages
irrationalism. Hume's response is more elaborate than the quotation suggests, though,
although one (e.g. Watkins) may still be dissatisfied with it. It relies on
conventionalism (see Section 3.1). I agree with Watkins that, analytically, this
conventionalism is not very appealing (although I disagree with Watkins' own resolution).
Fortunately, other responses can also be conceived.

If the source of Hume's problem is clarified, we can analyze the merits of this and
alternative responses to skepticism. The source of Humean skepticism follows from the
conjunction of three propositions (see Watkins, 1984, p. 3):

(I) there are no synthetic a priori truths about the external world;
(II) any genuine knowledge we have of the external world must ultimately be derived

from perceptual experience;
(III) only deductive derivations are valid.

The conjunction of (I), (II) and (III) does not allow to derive knowledge beyond the
initial premises. In this sense, inductive inference is impossible. Making a distinction
between inductive inference and inductive reasoning will prove useful.

3. Responses to Skepticism

Watkins (1984, pp. 4-5) mentions a number of strategies as responses to Hume's problem. I
will discuss the most interesting ones: the naturalist, apriorist, conjecturalist and
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finally the probabilist strategy. A detailed discussion of the probabilist strategy will
be given in the next three chapters, while the remainder of this thesis considers how
well this strategy fits with econometric inference.

3.1 Naturalism and pragmatism

Hume, criticizing Cartesian 'dogmatic rationalism', writes that plain reasoning does
not suffice to obtain unique answers to scientific questions. Cartesian doubt, 'were it
ever possible to be attained by any human creature (as it plainly is not) would be
entirely incurable' (Hume, 1748, p. 103). It certainly would not yield true knowledge:
'reasoning a priori, any thing might appear able to produce anything' (Hume, Letter from
a Gentleman, 1748, p. 119). Descartes' answer to skepticism, Cartesian doubt is,
therefore, not accepted by Hume.

The intense view of these manifold contradictions and imperfections in human
reason has so wrought upon me, and heated my brain, that I am ready to reject all
belief and reasoning, and can look upon no opinion even as more probable or
likely than another. (Hume, 1939, p. 318)

Such a radical skepticism or Pyrrhonism is not however the ultimate view Hume holds. He
is rescued from this philosophical 'melancholy and delirium' by Nature herself. The
naturalist strategy, proposed by Hume, is to concede that there is no epistemological
answer to skepticism, but to deny the practical or prescriptive importance of it. It is
human's nature to make generalizing inferences, the fact that such inference is not
warranted from a logical point of view has no practical implications. One cannot deny
that humans have beliefs, neither should one insist that having beliefs is wrong. Hume

'concludes, that we assent to our faculties, and employ our reason only because
we cannot help it. Philosophy would render us entirely Pyrrhonian, were not
nature too strong for it.' (Hume, 1740, An Abstract of a book lately published,
entitled, A Treatise of Human Nature, Etc., in Hume, 1739, p. 348)

The great subverter of Pyrrhonism, Hume (1748, p. 109) writes, is 'action, and
employment, and the occupations of common life'. The principle that makes humans draw
inferences is custom or habit (Hume 1748, p. 28). Inferring causal knowledge may be
beyond the boundaries of human reasoning, this does not have to result in radical
skepticism. Hence, Hume formulates a position between the rationalism of Descartes (who
argues that one should distrust sensations but that one can gain logical insight in
causal relations by mere reasoning), and the radical skepticism of Pyrrho. The position
is based on convention, as

'after the constant conjunction of two objects, heat and flame, for instance,
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weight and solidity, we are determined by custom alone to expect the one from the
appearance of the other. [... J All inferences from experience, therefore, are
effects of custom, not of reasoning.' (Hume, 1748, p. 28).

According to Hume (1748, p. 29), custom is the 'great guide of human life', and without
custom or habit, those who are guided only by Pyrrhonian doubt will 'remain in a total
lethargy, till the necessities of nature, unsatisfied, put an end to their miserable
existence.' (1748, p. 110). Reason is the slave of our passions.

Many scientists will feel embarrassed with the conclusion that custom is the ultimate
foundation of scientific inference. Watkins, for example, rejects such a conclusion. But
custom and convention can be given a further rational underpinning. This step has not
been made by Hume himself, but was developed by adherents of the probabilistic approach.

A pinch of Pyrrhonian doubt remains useful, because it makes investigators aware of
their fallibility, (Hume, 1748, p. 112). The fact that one cannot obtain absolute
certainty by human reasoning does not imply universal doubt, but only suggests that
researchers should be modest (Hume, 1748, Letter from a Gentleman, p. 116).

Strategies related to Hume's conventionalism are instrumentalism (developed by John
Dewey) and pragmatism, or pragmaticism, as Charles Peirce (1839-1914) christened it. This
response argues that hypotheses may be accepted and rejected on rational grounds, on the
base of utility or effectiveness. The pragmatic approach can be combined with the
probabilistic strategy, discussed below. Still, it is not free of problems. Most
importantly, it is an invitation to scientific obscurantism. Obvious examples are
'scientific' research in Nazi Deutschland, or 'Marxist genetics', advocated by Lysenko
during the Stalin-era of the Soviet Union.

A less extreme example shows that this kind of rationalism may lead to religious
mania rather than science: Pascal's wager (Blaisse Pascal, Pensees ill. 418, see Hacking,
1975). Pascal gives a rational argument for devout behaviour, that hinges on an
infinitely negative utility of being in Hell, with a nonzero chance of the existence of
Hell. The problem of this wager is that it is not at all clear how to deal with infinite
(dis)utilities. The St. Petersburg Problem (posed in a letter written by Nicolas
Bernoulli to Pierre R. de Montmort and published in 1913) is an example where the value
of a game does not exist (because of divergence of the series of pay-offs). It is not
clear what a convincing and unique solution of this problem should look like.

According to Boland neoclassical economists deal with the induction problem by
adopting a conventionalist strategy (Boland, 1982, also 1989, p. 33). This is just
another version of pragmatism. A problem with conventionalism is to give an answer to the
question 'where do these conventions come from?' Even if this question can be answered,
it is not necessarily clear that the convention is rational. A popular convention in
econometrics is the use of a standard (usually 5 %) significance level and interpreting
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'significant' results as 'probably true' (this convention dates back to the statistician
and economist, Edgeworth, and has been elaborated by R.A. Fisher on tail
probabilities-see Chapter 3.3).

3.2 Apriorism

The apriorist strategy denies proposition (I) and introduces synthetic a prton
truths. In economics, apriorism has been defended by some members of the Austrian school.
In particular, Friedrich von Wieser (1851-1926) claimed that

'economic theory need never strive to establish a law in a long series of
inductions. In these cases we, each of us, hear the law pronounced by an
unmistakable inner voice.' (Von Wieser, 1928, cited in Hutchison, 1981, p. 206)

Ludwig von Mises (1881-1973) made apriorism the cornerstone of his methodology.
The problem with apriorism is how one can connect reasoning with empirical reality.

It is the same question that faced Descartes, Hume and the skeptics. A philosophical
attempt to bridge Hume and Descartes has been made by Immanuel Kant (1724-1804). He
invented the notion of a priori synthetic truth, true knowledge that is both empirical
and based on reasoning. Perhaps the best example of such a 'truth' is Kant's Principle of
Universal Causation (a product of 'Abendlandischer Naturwissenschaft', according to
Reichenbach, 1935, p. 9). Kant argued that everything must have a cause: 'Everything that
happens presupposes something upon which it follows in accordance with a rule'
(translated from Kritik der reinen Vemunft, Kant's most important work, published in
1781; in Kruger, 1987, p. 72). This doctrine is also known as causal determinism or
simply as causalism (Bunge, 1959, p. 4). It is a response to Hume, who had shown that the
causality principle cannot be analytic (i.e. a proposition were the predicate is included
in the subject). Kant agreed with Hume's point, but introduced the category of a priori
synthetic propositions (i.e. propositions that are not analytic, but that can be known by
introspection or pure reasoning).

Hume (who died five year before publication of the Kritik) argued that the causality
principle cannot be sustained because of our inability to infer causal relations: we can
only observe regularities of non-necessary conjunction. John Stuart Mill (1806-1873),
however, endorses Kant's principle: for Mill, induction is the search for causes. Mill's
four methods of experimental inquiry (the canons of induction, given in his Logic, III
(viii» are based on the principle of uniformity of nature. His method of difference
starts from the premise that all events have a cause. The next step in the method of
difference is to give an exhaustive list of possible causes, and select the one(s) which
always occurs in common with the event, and does not occur if the event does not occur.
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The problem is to select this exhaustive list of possible causes (Keynes invokes the
Principle of limited independent variety for this purpose-see Chapter 4, Section 2.2).
Causal inference will be discussed in Chapter lO.4.

It is hard to imagine how Kant's Principle can help economists in their effort to
learn from experience. Even if we agree that the Wall Street Crash of 1987 has a cause,
we still can only guess what that cause was. Other conceivable a priori synthetic truths,
such as the axioms of consumer behaviour, are not generally accepted as being true. An

investigation into their validity, therefore, cannot start by positioning them beyond
doubt (Chapter 7 provides a case history of 'testing' consumer demand theory; Caldwell,
1982, p. 121, discusses praxeological axioms as an example of Kant's a priori synthetical
propositions) .

The principle of uniformity of Nature holds that the future will resemble the past,
in that events will happen again if the conditions are sufficiently similar. Keynes
(1921, p. 252) refers to it in his discussion of reasoning by analogy, and suggests that
differences in position in time and space should be irrelevant for the validity of
inductions. If this principle forms the basis for induction, it cannot itself be founded
upon inductive arguments. Furthermore, it is doubtful if experience validates such a
strong principle-Nature seems much more erratic and surprising than could be expected
from a principle of uniformity of Nature. Still, Popper explicitly embraces it, of course
without supporting induction:

'scientific method presupposes the immutability oj natural processes, or the
"principle of the uniformity of nature" (Popper, 1959, p. 252)

Likewise, Stigum (1990, p. 542) argues that this principle is a necessary postulate of
epistemology. Some probability theorists consider a statistical version of this synthetic
a priori truth: the stability of mass phenomena (see in particular the discussion of Von
Mises in Chapter 3.2). Chapter 9 of this thesis discusses an undermining characteristic
for the validity of this contention in the case of economics: reflexivity (for example,
self fulfilling prophecies). There are no 'immutable natural processes' in economics.

In the social sciences, it is not the uniformity of Nature that is of interest, but
the relative stability of human behaviour. A more apt terminology for the principle is in
this case a Principle of Stability. It asserts that stability today carries over to
stability tomorrow. Take the axioms of consumer behaviour again. If one assumes that
preferences are stable (and according to some economists, e.g. Frank Hahn, 1985, this is
all that the axioms really say), then accepting these axioms as a priori truths warrant
inductive generalizations. This Principle solves, or rather, sidesteps, the Humean
problem. If it is accepted, generalizations from experience are admissible.

However, like in case of uniformity of Nature, this alternative principle is too
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strong, and worse, in conflict with experience. Volcanos that have been stable for ages
may erupt tomorrow, human beings are not perfectly balanced or predictable. Therefore, it
is hard to accept this principle as an a priori synthetic truth. Neither does it provide
a real solution to Hume's problem: it involves infinite regress. On which ground, Hume
may ask, are we able to generalize stability in the past to universal stability? There is
no logical support for that, but a weak Principle of Stability may be accepted, by giving
a probabilistic interpretation to the generalization. It states that what had a fair
degree of stability in our experience, will have a fair degree of stability in general
unless there is reason to believe otherwise. That is, there will be a reasonable degree
of belief to expect such a stability in the future. It is the basis for rational
behaviour.

Stability is not only important for rational behaviour. As Popper notes, it is
necessary for scientific inference. It is, of course, impossible to 'discover' laws, or
regularities, if there is no stability to start with. Truman Bewley (1988) discusses this
problem in an econometric framework. There must exist some stable characterization of a
process to discover it. Stability is a necessary (but not a sufficient) condition for
discoverability.

Summarizing, there is not much that an economist can gain from Kant's Principle of
Universal Causation as an a priori synthetic truth, but a principle of stability is
indispensable (whether it is considered a priori true, or not). Even if it is accepted,
as in case of Popper, it does not lead to an unequivocal acceptance of inductive
inference.

The conjecturalist response to skepticism has had more success in obtaining a
foothold in economics. The next section gives an outline of the two contributions of
Popper and Lakatos.

4. Conjecturalism

The conjecturalist strategy denies proposrtion (II) and instead argues that scientific
knowledge is only negatively controlled by experience: through falsification. Karl Popper
provided the basic insights of the conjecturalist philosophy (also known as
methodological falsificationism) in his Logik der Forschung (LdF) in 1934. This nearly
coincides with one of the first efforts to test economic theory with econometric means
(Jan Tinbergen, 1939, see also Chapter 5, Section 3.1). Peirce, who also contributed to
the philosophy of probability, is a sophisticated precursor to Popper. Followers of
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Popper are, among others, Irnre Lakatos and Watkins. I will first discuss Popper's views
on inference, then Lakatos's modified conjecturalism.

4.1 Popper's conjecturalism

Popper's impact on economic methodology has been strong (Blaug, 1980, Terence
Hutchison, 1981 or J.J. Klant, 1984; see also Neil De Marchi, 1988, and Bruce Caldwell,
1991). Moreover, a number of statisticians and econometricians make affirmative
references to Popper (Box, 1980, p. 383, fn.), claim to follow the conjecturalist
strategy (Hendry, 1980, 1986; Aris Spanos, 1986) or hold that Popper's is 'the widely
accepted methodological philosophy as to the nature of scientific progress' (Bowden,
1989, p. 3). It is, therefore, important to go into some detail in analyzing this
philosophy, although I think that the effective impact of Popper ian thought on economic

inference has been very limited.

4.1.1 Falsification and verification
According to the conjecturalist view, theories are mere guesses, conjectures, which

have to be falsifiable in order to earn the predicate scientific. Scientists should make
their theories testable, falsifiable. That is, the scientist should try to make theories
that can be refuted by empirical observations. A scientific theory allows the possibility
that these observations are in conflict with the theory. This distinguishes science from
non-science (the demarcation criterion), and is the basis for growth of knowledge. The
modus to liens (if p, then q. But not-q. Therefore, not-p) applies to scientific
inference-if a prediction that can be deduced from a generalization (theory) is
falsified, then that generalization itself is falsified as well. Hence, the rules of
deductive logic provide a basis for scientific rationality and, therefore, make it
possible to overcome the problems of Humean skepticism. There is no further need for
induction. Popper holds that inductive inference is impossible.

It is not enough for a scientific theory to be internally consistent or even
consistent with the data. This is contrary to the view of members of the Wiener Kreis,
who argue that the possibility of empirical verification makes a statement 'meaningful'.
The Wiener Kreis was the influential group of so-called logical positivists that met
regularly in Vienna during the 1920s and 1930s. In 1922 formed by Moritz Schlick, some
prominent members were Rudolph Carnap, Otto Neurath and Hans Hahn. Other participants
were Herbert Feigl, Phillipp Frank, Kurt GOdeJ, Friedrich Waisman and Richard von Mises.
The group built on the positivist doctrines of Henri Poincare (1854-1912) and in
particular the Austrian physicist and philosopher Ernst Mach (1838-1916), the 'father of
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logical positivism' 6 In addition, they used new logical insights of Frege, and Russell
and Whitehead, whence logical positivism.7'8

Conjecturalists hold that verification of affirmative existential statements does not
generate knowledge. Affirmative universal statements, like 'all swans are white', are not
verifiable. In response to Popper's critique, Carnap dropped the verifiability criterion
and started to work on a theory of confirmation (see also Chapter 4, Section 2.6).

According to Popper, it is much easier to find confirmations, than falsifications. In
the example of swans this may be true, but for economic theories things seem to be rather
different. It is not easy to construct an economic theory that cannot be rejected out of
hand-successful data miners are rare (similarly, Roger Rosenkrantz, 1983, p. 77, remarks
that it is rather falsification that is easily obtained if sought, see also Caldwell,
1991, p. 8).

Given that Popper believes in the meaninglessness of verification, he needs another
argument that helps in understanding the growth of knowledge. This other argument is

based on severe testing:

'( ... ) there is a great number-presumably an infinite number-of "logically
possible worlds". Yet the system called 'empirical science' is intended to
represent only one world: the "real world" or "world of our experience". ( ... )
But how is the system that represents our world of experience to be
distinguished? The answer is: by the fact that it has been submitted to tests,
and has stood up to tests.' (Popper, 1959, p. 39).

Experience is the sieve for the abundance of theoretical constructs, logically possible
worlds. The difference with induction results from a linkage of experience with
falsifications: experience performs a negative function in inference. Inductivism assigns
a positive function to experience. According to Popper, hypotheses are mere guesses,
conjectures. But, as the theoretical physicist Richard Feynman once stated, 'guessing is
a dumb man's job' (Feynman, 1965, p. 160). You could construct a machine that at random
fabricates guesses, computes its consequences, the researcher then compares consequences
with observations and evaluates the guesses. Real science is very different: guesses are
informed, sometimes resulting from theoretical paradoxes, sometimes from experience and

6 Schlick (1882-1936) held the chair of Mach from 1922 to 1936. In 1936, he was killed by
a mentally ill student.
7 According to Caldwell (1982, pp. 11-2), Ludwig Wittgenstein was the third major
influence on logical positivism. Janik and Toulmin (1973, pp. 208-214) argue that this
common view is based on a misunderstanding of Wittgenstein.
8 A closely related view is logical empiricism, associated with Hans Reichenbach and,
again, Carnap. Caldwell (1982) defines logical empiricism as the mature version of
logical positivism. The different brands of twentieth century positivism are often
grouped as neo-positivism. Popper is occasionally associated with neo-positivism, but see
Hacking (1983, p. 43), who convincingly argues that Popper does not qualify as a
positivist.
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experiment.

Popper's idea that you can never prove the truth of a theory on the basis of
(affirming) observations, is not very revolutionary. It was a common sense notion, that
can be found in the writings of Tinbergen, Koopmans and other early econometricians (see
Chapter 5, Section 3.2.2). It also appears in the Preface to the first (1939) edition of
Jeffreys (1961), who argues that certain physicists

'and some other scientists are liable to say that a hypothesis is definitely
proved by observation, which is certainly a logical fallacy; most statisticians
appear to regard observations as a basis for possibly rejecting hypotheses, but
in no case for supporting them. The latter attitude, if adopted consistently,
would reduce all inductive inference to guesswork' (Jeffreys, 1961, p.ix).

Jeffreys' statement shows that one can agree with Popper's insight that confirmation is
not the same as proof, without having to conclude that confirmation (or verification) is
useless, and induction impossible. This runs ahead of the argument (Jeffreys' views will
be discussed in Chapter 4.4).

The distinction between verification and falsification lies at the heart of Popper's
philosophy. Popper's critique of verificationism (and more recently the theory of
confirmation) leads to a strongly anti-inductivist attitude-he has been described as
'the scourge of inductivism' (Lakatos, 1974, p. 161). The logical difference between
verification and falsification is straightforward. If one considers a universal claim,
such as 'all swans are white', then the observation of a white swan does not imply the
truth of the claim. On the other hand, observing a black swan makes a judgement about the
truth of the claim possible. In other words, there is an asymmetry between logical
verification and logical falsification. This logical difference is central to Popper's
ideas:

'It is of great importance to current discussion to notice that falsifiability in
the sense of my demarcation principle is a purely logical affair' (Popper, 1983,
p. XX).

But the emphasis on logical characteristics is not really helpful in guiding the work of
applied scientists, like econometricians. To be meaningful, logical falsifiability should
be applicable to real world problems. For this purpose, Popper emphasizes the crucial
test, a test that leads to the unequivocal rejection of a theory. Such a test is hard to
find in economics.f Nonetheless, let us analyze the crucial test.

9 An amusing view on crucial tests can be found in the Discussion in De Marchi (1988,
where econometrician J.S. Cramer ridicules what may be a logically valid crucial test in
labour economics. There are two different theories to explain unemployment duration: the
hysteresis theory (duration itself causes longer duration) and the heterogeneity theory
(long term unemployed have lower qualities, therefore their chance of longer duration is
higher than of other participants in the labour force). A test would be to fire people at
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4.1.2 The crucial test
If a theory predicts ''P', but not-p happens, than the theory is falsified. The

statement 'all swans are white' is falsified by the sighting of a black swan. If it is a

priori very unlikely that p will be observed, the theory gets an impressive record if p
is observed indeed, but if we follow Popper, we may not interpret this as inductive
support. Popper, who is deeply impressed by Einstein's work,lO regards him as the best
example of a scientist who took falsification seriously, because of his bold predictions.
An important example in Popper (1959) is Einstein's general theory of relativity, which
predicts a red shift in the spectra of stars. No one before Einstein had suggested such a
thing, no one had looked for it either, therefore, it was the perfect example of a new
fact that could be tested. Indeed, a test was performed, the result was favourable to
Einstein's theory. But Paul Feyerabend (1975, p. 57n9) shows that Einstein himself would
not have changed his ideas if this test would have given less favourable results. In
fact, many of Popper's examples of crucial tests in physics turn out to be far more
complicated when studied in detail (see Feyerabend, 1975; Lakatos, 1970). Ian Hacking
(1983, Ch, 15) agrees with Lakatos' critique on crucial tests, but criticizes Lakatos for
not giving proper credit to empirical work.

Few tests are crucial. First, there is the 'Duhem-Quine' problem. Secondly, in many
cases rejection by a 'crucial test' leaves the researcher empty handed. It is, therefore,
unclear what the implication of such a test should be-if any. Third, most empirical
tests are probabilistic which makes it hard to obtain decisive inferences (this will be
discussed in Section 4.1.3 below). To begin with the famous Duhem-Quine problem,
discussed in Popper, 1959, p. 78, and Lakatos, 1978 p. 93): a falsification can be a
falsification of anything, a theory is an interconnected web of propositions. As Quine

says,

'Any statement can be held true come what may, if we make drastic enough
adjustments elsewhere in the system. ( ... ) Conversely, by the same token, no
statement is immune to revision. Revision even of the logical law of the excluded
middle has been proposed as a means of simplifying quantum mechanics; and what
difference is there in principle between such a shift and the shift whereby
Kepler superseded Ptolemy, or Einstein Newton, or Darwin Aristotle?' (Quine,
1953, Ch. II p. 43)

random from their jobs and prevent them for one year to accept a new job. Subsequently,
see if these unemployed perform different from other long term unemployed. The competing
theories are logically testable and satisfy Popper's demands. But the whole exercise
seems rather meaningless. Who cares about this logical possibility?
10 Einstein has the highest number of entries in the name index of Popper (1959) (36
times). Carnap (with a score of 35) is a close second, but does not share in Popper's
admiration.
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Rejection of homogeneity in consumer demand (see Chapter 7) may cast doubt on the
homogeneity proposition, but also point to problems due to aggregation, dynamic
adjustment, the quality of the data, and so on. In the example 'all swans are white', the
observation of a green swan may be a falsification, but also evidence of hallucination or
evidence that the observer wears sunglasses. Lakatos, therefore, denies the relevance of
crucial tests and focuses his attention to research programmes (see below).

Secondly, what does a falsification imply? Should the theory be abandoned? Or, if two
conflicting theories are tested, how should falsifications be weighted if both theories
have defects? This seems to be of particular interest in economics, as no economic theory
is without anomalies. And should not the support for a theory be taken into account as
well? Popper (1963, Ch. 10, notably p. 219ft) tries to formulate an answer to these
questions, by introducing the notion of verisimilitude or truthlikeness. If
verisimilitude has empirical content, it should be measurable or estimable. But then we
allow for induction through the back door. This is discussed in the Chapter 3, Section
5.3.

In a review of Popper's methodology, philosopher Dan Hausman (1988) discusses the
first and second problem. In his conclusion, we find clear advice to economists:

'My claim is that Popper's philosophy of science is a mess, and that Popper is a
very poor authority for economists interested in the philosophy of science to
look to.' (Hausman, in De Marchi, 1988, p. 17)

Hausman shows that a Popperian either has to insist on logical falsifiability, in which
case there will be no science (everything will be rejected), or has to consider entire
'test systems' (in Popper's vocabulary, 'scientific systems'), in which case almost
nothing is required (Lakatos' research programmes, discussed below, require even less).
The reason for the latter is that such a test system combines a number of basic
statements and auxiliary hypotheses. If, as Popper claims, confirmation is impossible,
one is unable to rely on supporting evidence from which one may infer that the auxiliary
hypotheses are valid. A falsification, therefore, can be the falsification of anything in
the test system: the Duhem-Quine problem is unavoidable. One should be able to rely on
some rational reason for tentative acceptance of 'background knowledge.' Hausman:

'Decisions about what to regard as unproblematic background knowledge must depend
on the evidence. Without knowledge of the degree to which various claims about
the world are supported by the evidence, scientists are as unable to engage in
intelligent testing as engineers are unable to make practical use of the results
of science' (Hausman, 1988, p. 82).

Crucial tests and logical falsification do not belong to the real issues in economic
inference. The complications of empirical testing, or what Popper also calls
'conventional falsification', are much more interesting, and Popper is of little help in
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this regard. Lakatos reaches a similar conclusion as Hausman:

'By refuting to accept a "thin" metaphysical principle of induction Popper fails
to separate rationalism from irrationalism, weak light from total darkness.
Without this principle Popper's "corroborations" or "refutations" and my
"progress" or "degeneration" would remain mere honorific titles awarded in a pure
game' ( ... ) 'only a positive solution of the problem of induction can save
Popper ian rationalism from Feyerabend's epistemological anarchism' (Lakatos,
1974, pp. 165-6).

Lakatos' own contribution is evaluated in Section 4.2 below.

4.1.3 Probabilistic propositions and falsificationism
The third problem of crucial tests, the probabilistic nature of much of empirical

science, is of particular interest for us. Popper (1959, p. 191) explicitly states that
'Probability estimates [Popper should have written probabilistic statements] are not
falsifiable'. Indeed, Popper notes that this is an

'almost insuperable objection to my methodological views. For although
probability statements play such a vitally important role in empirical science,
they turn out to be in principle impervious to strict falsification. Yet this
stumbling block will become a touchstone upon which to test my theory, in order
to find out what it is worth.' (Popper, 1959, p. 146).

Popper's views on probability theory are discussed in Chapter 3.5. There, I will argue
that his probability theory is unsatisfactory, hence the stumbling block is a real one.
One objection can already be given. In order to save methodological falsificationism,
Popper proposes a methodological rule or convention for practical falsification, to
regard highly improbable events as ruled out or prohibited (Popper, 1959, p. 191, see
also Watkins, 1985, p. 244 for support and Howson and Urbach, 1989, p. 122 for a
critique). This is also known as Cournot's rule (the mathematician and economist Antoine-
Augustin Cournot, 1801-1877, considered highly improbable events as physically
impossible, see Kruger in Kruger et al., 1990, p. 73). Cournot's rule has been defended
by Emile Borel (see Knobloch in Kruger et al., 1990, p. 228) and by Cramer (1955, p.
156). The problem is where to draw the line. Popper (1959, p. 204) argues that a
methodological rule might decree that only reasonable fair samples are permitted, and
that predictable or reproducible (i.e. systematic) deviations from this must be
forbidden. The concept of a fair sample begs the question, of course. If an experiment
can be repeated easily (in economics, controlled experiments are rare and reproducible
controlled experiments even more so), this may be a relatively small problem, but
otherwise it can lead to unresolvable debates. Is a test result, with an outcome that is
improbable given the hypothesis under consideration, a fluke or a straightforward
rejection? If we make 2048 tosses with ten coins, each particular sequence of 20,480
outcomes is extremely improbable, and, invoking Cournot's principle, should be considered
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impossible (the example is not completely imaginary, as Stanley Jevons indeed performed
this experiment to 'test' Bernoulli's law of large numbers. This, and even more
labourious though meaningless experiments are reported in Keynes, 1921, pp. 394-399).
Cournot's rule does not provide sound advice to the following question: What will be a
falsification of the statement 'most swans are white' or 'Giffen goods are rare'? This
type of questions will be discussed in the treatment of the probabilistic strategy and
the next chapters.

4. 1.4 Critical rationalism
Caldwell (1991, p. 28) argues that Popper's falsificationism only partly captures

economic inference. The fact, however, that economists occasionally test theories and
sometimes conclude that they have rejected something, does not imply that methodological
falsificationism is an apt description of this part of economic inference. Methodological
falsificationism deals with a logical criterion to be applied by logical caricatures of
scientific theories (in this sense, Popper works in the tradition of the Wiener Kreis).
There are no crucial tests in economics, neither is there any longing for falsifications.

Caldwell's subsequent remark, that we may forget about Popper's falsificationism, but
that Popper's true contribution to scientific method is to be found in critical
rationalism (i.e. be self-critical) is not very meaningful either. Unlike methodological
falsificationism, critical rationalism aims to be a historically accurate description of
science. By showing that in a number of historical cases, good science behaves like
critical rationalism, Popper tries to suggest that this yields support to the stronger
program of methodological falsificationism. But Popper's case studies are said to rely on
'myths, distortions, slanders and historical fairy tales' (Feyerabend, 1990, p. 185; see
also Hacking, 1983, for similar though more polite remarks). This does not mean that
something like critical rationalism is invalid, to the contrary, this is a principle that
has been advocated by a wide range of scientists, writing both before and after the
publication of Popper's views on methodology.

For example, the motto of Karl Pearson (1911) is a statement due to Victor Cousin:
'La critique est la vie de la science' (see also K. Pearson, 1911, p. 31 and other places
where he emphasizes the importance of criticism). More or less simultaneously with
Pearson, Peirce introduced the theory of fallibilism, of which falsificationism is a
special case (see e.g. Popper, 1963, p. 228). According to fallibilism, research is
stimulated by a state of unease of current knowledge. The research activity aims at
removing this state of unease by finding answers to scientific puzzles. But, 'our
knowledge is never absolute but always swims, as it were, in a continuum of uncertainty
and of indeterminacy.' (Peirce, 1955, p. 356).

The fact that one may be able to disprove a theory but never can prove a theory right
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was common-sense knowledge before Popper made this to a cornerstone of his philosophy. It

dates back at least to Francis Bacon (see Turner, 1986, p. 10). Tinbergen (1939a, p. 12,
and' earlier in 1929) argues that his econometric investigations cannot prove a theory
right, but could show that some theories were not much supported by the data (see also
Chapter 5.3). He never refers to Popper, or any other philosopher (Popper, 1957, on the
other hand, contains one reference to Tinbergen's work where the latter notes that
constructing a model is a matter of trial and error). Koopmans (1937) makes a remark
similar to Tinbergen, and similar views are expressed in the writings of R.A. Fisher and
without doubt in many other scientific writings since the days of Bacon and Hume. If
researchers still speak of verification of theories, than this should not be taken
literally: very few would deny Hume's argument on this point.

Methodological falsificationism is different from Peirce's philosophy, by longing for
a state of unease. According to Popper, scientists should actively search for
falsifications of their theories. Popper is also different from Peirce, Mach, Duhem and
other precursors in his logicism. Although Popper criticizes the logical positivists, he
accepts their logical picture (or caricature) of scientific theories. He only wants to
replace their verification principle by the falsificationist demarcation criterion. This
logical caricature of scientific theories (with its theory of meaning) has not been very
fruitful (see also Van Fraassen, 1980). Feyerabend concludes that Popper trivializes
science, 'repeats what others said before him, but he repeats it badly and without the
historical perspective of his forerunners [like Mach, Duhem, HAK]' (Feyerabend, 1987, p.

190).
Feyerabend's remarks (and those of other 'authorities', like Hacking or Hausman) do

not have to convince the reader. He certainly is not the most subtle critic of Popper.
This is anyway not the place to dispute the quality of Popper's representations of
historical episodes in the (natural) sciences. What is of more interest, is whether there
are logical or empirical arguments that warrant Feyerabend's conclusion, 'Popper's
"ideas" are best forgotten as soon as possible' (Feyerabend, 1987, p. 185), in the case
of econom(etr)ic inference. One can judge for oneself whether the logical crucial test is
relevant for economics, whether Popper's efforts to construct a theory of probability
(and probabilistic falsificationism) is a success, and whether real Popperians in
empirical economics do exist (see De Marchi, 1988). Considering the answers to these

questions, I think Feyerabend is right.

4.1.5 Historicism
Although Popper's philosophy of science in in many respects problematic, in

particular if applied to the social sciences, he has contributed an important insight to
the social sciences that is usually neglected in discussions on (economic) methodology.
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This is his critique on 'historicism'. Historicism starts from the idea that there is
something as a historical necessity of events, or social predestination. Examples are
Marx' conviction that there is an inevitable historical development towards communism, or
Fukuyama's (1992) view that the advancement of liberalism denotes the end of history.

Popper's critique of historicism is related to his idea that knowledge is conjectural
and universal theories cannot be proved. This does not preclude growth of knowledge, but
this growth results from trial and error. The growth of knowledge cannot be predicted.
This limits the possibilities to predict the future course of society, as this is
strongly dependent on the growth of knowledge.

One of he most interesting parts in the Poverty of Historicism is his discussion of
the so-called Oedipus Effect. This effect is:

'the influence of the prediction upon the predicted event (or, more generally,
[for] the influence of an item of information upon the situation to which the
information refers), whether this influence tends to bring about the predicted
event, or whether it tends to prevent it.' (Popper, 1957, p. 13; see also Popper,
1948)

Popper's views on historicism and the special characteristics of the social sciences
suggest that falsificationism cannot play quite the same role in the social sciences as
in the natural sciences. Popper is ambiguous on this point. He remains convinced of the
general importance of his methodology, the unity of method (1957, pp. 130-143). Still,
Popper recognizes the difference between physics and economics:

'In physics, for example the parameters of our equations can, in principle, be
reduced to a small number of natural constants-a reduction that has been carried
out in many important cases. This is not so in economics; here the parameters are
themselves in the most important cases quickly changing variables. This clearly
reduces the significance, interpretability, and testability of our measurements.'
(Popper, 1957, p. 143)

Popper swings between the strong imperatives of his own methodology, and the more
reserved opinions of his colleagues at LSE, Lionel Robbins (1898-1984, professor at LSE
from 1929 to 1961) and Friedrich Hayek. Popper's compromise consists of restricting the
domain of the social sciences to an inquiry for conditional trends or even singular
events, to which the falsification methodology may be applied, given an a priori axiom of
complete rationality (Popper calls this the zero method).l1 This rationality postulate is
exempted from critical scrutiny, it is an analytic a priori truth, or instead of truth,
idealization may be the more appropriate term (see Caldwell, 1991, pp. 19-21, for
Popper's obscurity on this issue; see Nowak, 1980, on the method of idealization).

The initial conditions may change and this may invalidate the continuation of the

11 'and perhaps also on the assumption of the possession of complete information' (Popper,
1957, p. 141), a very un-Austrian assumption!
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trend. Hence, social scientists should be particularly interested in an analysis of
initial conditions (or situational logic, see also Caldwell, 1991). The difference
between prognosis and prophecy is that prophecies are unconditional, as opposed to

conditional scientific predictions (Popper, 1957, p. 128). In the social sciences,
conditions may change as the unintended consequence of human behaviour (this is also a
cornerstone of Austrian economic thought, see e.g. Hayek, 1933). Mechanic induction like
extrapolation of trends is, therefore, not a very reliable way of making forecasts. In
Chapters 9 and 10, I will discuss the econometric implications of the Oedipus Effect and
the lack of natural constants in economics. I think that these implications are of more
interest to the economist or econometrician than the methodology of falsificationism or

Popper's ideas on probability.

4.2 Lakatos and conjecturalism

What does Lakatos offer to rescue the conjecturalist strategy? Because of the
problems involved with methodological falsificationism, Lakatos proposes to give
falsifications less impact. He drops the crucial test or 'instantaneous falsification',
and instead emphasizes the dynamics of theory development.

4.2.1 Research programmes
This dynamics can be evaluated by considering a theory as a part of an ongoing

research programme. A theory, 'J, is just one instance of a research programme, 'R'P, at a
given point in time. How should one decide whether a succeeding theory still belongs to
'R'P? This question should be settled by defining the essential characteristics of 'R'P, by
its hard core and the guidelines for research, the heuristic. The hard core consists of
the indisputable elements of a research programme. The positive heuristic provides the
guidelines along which research should proceed. The negative heuristic of a research
programme forbids to direct the modus tollens at the hard core (Lakatos, 1978, p. 48).
Modus tollens is the argument that states 'If p, then q. But not-q. Therefore, not-p'.

According to Lakatos (1978, p. 48), the hard core of 'R'P is irrefutable by the
methodological decision of its proponents. A falsification of 'J is not automatically a
rejection of 'R'P. Falsifying a theory is replaced by measuring the degree of
'progressiveness' of an 'R'P. Lakatos (1978, p. 33), defines a research programme as
'theoretically progressive' if 'each new theory has excess empirical content over its
predecessor, that is, if it predicts some novel, hitherto unexpected fact.' (Chapter 8,
Section 3.2.3 will deal with the importance of novel facts in econometric inference). The
research programme is 'empirically progressive' if some of these predictions are
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confirmed. A third notion, of particular interest in Lakatos' methodology of scientific
research programmes, is heuristic progressiveness. This means to avoid auxiliary
hypotheses which are not in the spirit of the heuristic of a research programme (Lakatos
would call such hypotheses ad hoc.; where ad hoc! and ad hoc; denote lack of theoretical
and empirical progressiveness, respectively).

But it is not easy to apply Lakatos' suggestion of appraising theories by comparing
their rate of progressiveness or degeneration in economics. A research programme is a
vague notion. Scientists may disagree about what belongs to a specific 'R'P and what does
not (see Feyerabend, 1975). The problem culminates in the so-called tacking paradox (see
Lakatos, 1978, p. 46). If we replace the theory of diminishing marginal utility of money
by a successor, which combines this theory with the general theory of relativity, we seem
to make a 'progressive' step. Of course, this is not what Lakatos has in mind: this is
why he emphasizes the consistency with the positive heuristic of 'R'P. An alternative for
avoiding nonsensical combination of two theories is to introduce the notion of irrelevant
conjunction (see Rosenkrantz, 1983 for a discussion, with a Bayesian solution to the
problem).

Lakatos' suggestions are of some help for understanding (,rationally reconstructing')
economic inference, but in many cases they are insufficient to define what exactly
belongs to the theory. Chapter 7 provides a study that shows how difficult it is to apply
Lakatos' ideas to interpret an important episode in the history of applied econometrics,
testing homogeneity of consumer demand. In Chapter 8.4, on the other hand, Lakatos'
classification is of some help in the appraisal of the Natural Rate Hypothesis.

It is difficult to give operational definitions for research programmes. Competing
programmes may apply to partly non-overlapping areas of interest. This leads to problems
such as the already mentioned Duhern-Quine problem, and incommensurability (Thomas Kuhn's
(1962) notion that new theories give new interpretations of events, and even to the
language describing these events). Furthermore, whereas Popper still made an
(unsuccessful) attempt to contribute to the theory of probabilistic inference (cf. his
propensity theory of probability, and the notion of verisimilitude; a discussion of these
issues can be found in Chapter 3.5), Lakatos has an embarrassing condescending attitude
towards this subject.

4.2.2 Growth and garbage
Both Popper and Lakatos attack inductivism, but Lakatos is more radical in his

critique of empirical tests. These tests are a key element in Popper's epistemology, but
not so in Lakatos'. This is clear from the Methodology of Scientific Research Programmes,
in which falsifications are less crucial than in Popper's work. Instead of falsifiability
and crucial tests, Lakatos advocates a requirement of growth, or progression.
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Can statistical methods help to obtain knowledge about the degree of empirical
progressiveness of economic theories or research programmes? Let us consider some of his
remarks on this issue. The requirement of continuous growth

'hits patched-up, unimaginative series of pedestrian "empirical" adjustments
which are so frequent, for instance, in modem social psychology. Such
adjustments may, with the help of so-called "statistical techniques", make some
"novel" predictions and may even conjure up some irrelevant grains of truth in
them. But this theorizing has no unifying idea, no heuristic power, no
continuity. '

These uncharitable statements are followed by terms as worthless, phoney corroborations,
and, finally, pseudo-intellectual garbage. Lakatos concludes:

'Thus the methodology of research programmes might help us in devising laws for
stemming this intellectual pollution which may destroy our cultural enviromnent
even earlier than industrial and traffic pollution destroys our physical
enviromnent.' (all quoted from Lakatos, 1970, p. 176 and fn.l, p. 176).

If one is looking for a Lakatosian theory of testing, one will have a hard job. His
approach is nearly anti-empirical. In his case studies of 'higher' sciences such as
physics, experimenters are repeatedly 'taught lessons' by theoreticians, bold conjectures
made despite seemingly empirical conflicting evidence, and so on (for a severe critique
of Lakatos' account of many of these experiments see Hacking, 1983, Ch. 15).

Lakatos' approach is of little help for economists and, as I will argue later on,
does not provide a very sound basis for any econometric methodology. If one takes testing
and falsifying seriously i.e. rigorously, not much of economics (or any other science)
will be left, and, on the other hand, if one accepts that dogmatic testing is not to be
favoured, one ends up with anarchism ('anything goes', see Paul Feyerabend, 1975), or
'anarchism in disguise' (Feyerabend, 1975, p. 200, about Lakatos).

John Watkins agrees with this characterization of Feyerabend and makes the following
reductio ad absurdum:

'If you could tell, which you normally cannot, that Research Program 2 is doing
better than Research Program 1, then you may reject Research Program 1, or, if
you prefer, continue to accept Research Program 1.' (Watkins, 1984, p. 159).

What is missing in the conjecturalist strategy is a clear view on the utility of
theories, and the economy of scientific research (an idea worked out by Peirce and in the
probabilistic approach to inference). Furthermore, a better theory of inductive reasoning
seems to be indispensable for understanding science. The probabilistic strategy may offer
garbage, but also insights in scientific inference, in particular inference in

econometrics.
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5. Probabilism

We finally come to the probabilist strategy, which claims that Hume wants too much if he
requires a proof for the truth of inductive inferences, and amends proposition (III). A
logic of 'partial entailment' is proposed: probability logic. This strategy has been
investigated by John Maynard Keynes, Harold Jeffreys, Hans Reichenbach and Rudolf Camap
and a stream of followers. Alternatively, the problem of Humean Skepticism may be
resolved by providing a probabilistic underpinning of the Principle of the Uniformity of
Nature, which has been investigated with the Law of Large Numbers (due to Jacob (= James)
Bernoulli, who provided a proof in 1713). This approach has been taken by Richard von

Mises.
The following chapters discuss these and other versions of a probabilistic strategy

for scientific inference. The probabilistic strategy deserves special attention because
it may serve as a foundation for econometric inference, the topic of this book.
Furthermore, uncertainty is particularly important in economics. If falsifying economic
theories is feasible at all, then it must be some kind of probabilistic falsification.
The issue of probabilistic testing can only be well understood if a good account of
probabilism is presented. If probabilistic falsification is impossible, then we need
other methods to appraise economic theories given the uncertainty that is inextricably

bound up with economics.



Chapter 2

PROBABILITY AND INDIFFERENCE

One regards two events as equally probable when one
can see no reason that would make one more probable
than the other.
Pierre Simon de Laplace, cited in Hacking (1975, p.
132).

1. Introduction

Are scientific theories 'probabilifiable'? Lakatos (1978, p. 20), who phrases this
question, says no. According to the probabilistic response to Humean Skepticism, however,
the answer should be affirmative. But the justification for the affirmative answer is
problematic. The crossroads of philosophy of science and probability theory will be the
topic of chapters 2 to 4.

There exist different kinds of probabilism. The roots of modem probability theory,
one might argue, lie in Laplace's indifference theory of probability, which has been
supported by economists like John Stuart Mill and W. Stanley Jevons. This interpretation
is based on 'equally probable' events, and will be presented in Section 3 of this
chapter. But since the days of Bayes and Laplace, confusion does exist on whether this
probability refers to a property of events themselves, or beliefs about events. For this
purpose, it is useful to make a distinction between the realist or aleatory
interpretation of probability on the one hand, and the cognitive or epistemological
interpretation of probability on the other hand (Hacking, 1975).

Aleatory stems from the Latin word for a die (alea jacta est). The aleatory view has
its roots in the study of games of chance, such as playing cards and casting dice. It
relates probability to the occurrence of events or classes of events. The relative
frequency theory of probability is based on this view. The propensity theory, where
probability is a physical property, also belongs to this interpretation. Both of these
aleatory interpretations of probability are discussed in Chapter 3. The relative
frequency theory of probability dominates econometrics. An unfortunate terminology has
resulted in the use of 'classical econometrics (statistics)' for this mainstream view
based on parametric, non-Bayesian inference. 1 Classical is a misnomer for frequency-based

1 An example is Lien and Vuong (1987).
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probability, as classical statistics is the usual label attached to the indifference
interpretation of probability.

The epistemological view, which is discussed in Chapter 4, is concerned with the
credibility of propositions, assertions, beliefs, in the light of judgement or evidence
(Hacking, 1975, p. 14). Within the epistemological view, there exist 'objective' and
'subjective' (or personalistic) interpretations. The logical theory of John Maynard
Keynes is epistemological, but so are the personalist theories of Frank Ramsey, Bruno De
Finetti and Leonard ('Jimmie') Savage. If fundamental limitations to human knowledge are
involved, I will use the term 'cognitive' with respect to the epistemological
interpretation of probability. Bayesian econometrics belongs to the realm of
epistemological probability.

It is important to analyze the different interpretations of probability for a proper
understanding of different schools in econometrics, and for an appreciation of
methodological controversies among econometricians. Before doing so, I will provide a
reference scheme in which rules of probability calculus are stated. This formalism,
largely due to Kolmogorov, is presented in Section 2. In Section 3, I will discuss the
indifference theory. Section 4 summarizes this chapter.

2. A formal scheme of reference

2. I Probability junctions and Kolmogorov's axioms

A.N. Kolmogorov (1903-1987) provided the currently still dominating formalism of
probability theory, based on set theory. Kolmogorov (1933, p. 3) interprets his formalism
along the lines of Von Mises' frequency theory, but the same formalism can be used for
other interpretations (a useful introduction is given by Mood et al., 1974, pp. 8-40, on
which much of this section is based; a short discussion of the relation between sets and
events can be found in Howson and Urbach, 1989, pp. 17-19).

First, the notions of sample space and event should be defined. The sample (or
outcome) space ;p is the collection of all possible outcomes of a conceptual experiment)
An event A is a subset of the sample space. The class of all events associated with a

2 The concept of a sample space seems to be used first by R.A. Fisher in a 1915
Biometrika article on the distribution of the correlation coefficient. The notion of a
conceptual experiment is due to Kolmogorov, and is defmed as any partition of ;p, obeying
some elementary set-theoretic requirements (see Kolmogorov, 1933).
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particular experiment is defined to be the event space, A. !P is also called the sure
event. The empty set is denoted by 0.

A probability function (or measure) P(·) is a set function with domain A and
counterdomain the interval on the real line, [0,1], which satisfies the following axioms
(Kolmogorov, 1933, pp. 2 and 13):

1. A is an algebra of events.
2. A c !P.

3. peA) ~ 0 for every A E A.

4. P(!P) = 1.

5. If Ai' Az, .. .An is a sequence of mutually exclusive events in :Ii

(i.e. n Ai = 0)
i=i

U Ai E A,
i=i

tben pr~iAil = r P(AJl 1=1

6. If Ai' A2, .. .An is a sequence of mutually exclusive events in A
and if At='A2~... ~An~... ,

then lim P(An) = o.
n~

The axioms have been challenged by various probability theorists (such as Von Mises and
De Finetti). Others thought them of little interest (for example, R.A. Fisher). But the
axioms are not entirely devoid of motivation. Defining the event space as an algebra (or
field) implies that, if Ai and A2 are events (i.e. belong to A), then also generalized

events like AiuA2' AinA2 and A belong to A. The use of algebras makes application of
measure theory possible. Most of the interesting concepts and problems of probabilistic
inference can be explained using probability functions without using measure theory. 3

The second axiom states that the sample space contains the event space. A direct
result of axiom 1 and 2 is that the empty set, 0, is an event as well. The third axiom
restricts the counterdomain of a probability function to the nonnegative real numbers.
The fourth axiom states that the sure event has probability one. Some authors (e.g.
Jeffreys, 1961) do not accept this axiom-they hold it as a convention which often is
useful but sometimes is not. The fifth axiom is tbat of (finite) additivity, which is the
most specific one for a probability function. Axiom 6, perhaps the most controversial of

3 See Chung (1974) or Florens et al. (1990) for a more elaborate discussion of the
technical issues and refinements of the axioms.
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these axioms (rejected, for example, by De Finetti), is called the continuity axiom and
is necessary for dealing with infinite sample spaces. This fifth and sixth axiom jointly
imply countable additivity. It is easy to construct a sequence of events that generates a
relative frequency, which is not countable additive (see, e.g., Van Fraassen, 1980, pp.

184-186, for discussion and further references).

2.2 Basic concepts of probability theory

2.2.1 Probability space and conditional probability
The triplet (ff,A,P(·» is the so-called probability space. If A and B are two events

in the event space ,4, then the conditional probability of A given B, peA IB), is defined

by

peA IB)
P(AnB)

PCB)
if P(B) >0. (2.1)

2.2.2 Bayes' Theorem, prior and posterior probability
As P(AnB) = P(BnA), this definition of conditional probability yields Bayes' Theorem:

P(BIA)P(A)
P(AIB) = ,

PCB)
(2.2)

or

P(AjIB)
PCBIAj)P(Aj)

Lt(BIAj)P(B)
(2.3)

In fact, the English Reverend Thomas Bayes (1702-1761) was not the one who authored this
theorem-his essay, posthumously published in 1763 (see Kyburg and Smokier, 1980),
containes a special case of the theorem. A less restricted version (still for
equiprobable events) of the theorem can be found in Pierre Simon Marquis de Laplace's
(1749-1827) memoir on 'the probability of causes', published in 1774. The general version
(2.3) was given in the Essay Philosophique (Laplace, 1814) (see also Jaynes, 1978, p.
217). I will stick to the tradition of calling (2.2) Bayes' theorem. It is also known as
the principle of inverse probability, as a complement to the direct probability, PCBIA).

Sometimes, a direct probability is regarded as the probability of a cause on an event.
The indirect probability infers from events to causes (see Poincare, 1905, Chapter XI).

The relation between probability and causality will be discussed in Chapter 10.4.
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A few remarks can be made. If an event is a priori extremely improbable, i.e. peA)
approaches zero, then no finite amount of evidence can give it credibility. If, on the
other hand, an event B is very unlikely given A, i.e. P(BIA) approaches zero, but is
observed, then A has very low probability a posteriori. These considerations make the
theorem a natural candidate for analyzing problems of inference. The theorem as such is
not controversial. Controversial is, however, what is known as the Bayes-Laplace Rule or
Bayes' Axiom: to represent prior ignorance by a uniform probability distribution. The
elicitation of prior probabilities is the central problem of Bayesian inference.

2.2.3 Independence and random variable
A few more concepts need to be defined. One is independence. Events A and Bare

stochastically independent if and only if P(AnB) = P(A)P(B). Hence, if A and Bare
independent, then peA IB) = P(A).

Until now, the fundamental notion of randomness has not been used. It seems odd that
probability functions can be defined without defining this concept, but in practice, this
difficult issue is neglected (an example is the otherwise excellent book of Mood et aZ.).

I will come back to the notion of randomness later (see the discussions of Von Mises,
Fisher and De Finetti). For the moment, we have to assume that everybody knows, by
intuition, what is meant by randomness. Then we can go on and define a random variable.

It is impossible to apply probability calculus to events like the occurrence of red,
yellow and blue if we cannot assign numbers to these characteristics, and impose an
ordering on the events J'= {red,yellow, blue}. The notion of a 'random variable' serves this
purpose. If the probability space (J',rIJ,P(·)) is given, then the random variable X(·) is a
function from J' to IR. This function has to satisfy the condition that the set Ap defined
by Ar = {w:X(w):sr} E rIJfor every real number r. Every outcome of an experiment now
corresponds with a number. Mood et al. (1974) acknowledge that there is no justification
for using the words 'random' and 'variable' in this defmition.

2.2.4 Distribution and density functions
The cumulative distribution function of X, Fx('), is defined to be that function with

domain IR and counterdomain [0,1] which satisfies Fx(x) = P({w:X(w):sx) for every real
number x. If X is a continuous random variable, i.e. if there exists a function fx(')

such that

x
J fx(u)du for every real number x, (2.4)

then the integrand fx(') in Fx(x) f_'Jx(u)du is called the probability density function
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for this continuous random variable. A geometric interpretation is that the area under
fx( -) over the interval (a,b) gives the probability Pia-cKcb), Similar notions exist for
discrete random variables. It is also possible to extend the definition to jointly
continuous random variables and density functions. The k-dimensional random variable

(XI ,x2"" ,Xk) is a continuous random variable iff a function fXI .....Xk(-, ... , -) '" 0

does exist such that

J
XI

[r, X (uI, .. ·,uk)dul .. .duc,
I· .. · k

(2.5)
-00 -00

for all (XI"" ,xk). A joint probability density function is defined as any nonnegative
integrand satisfying this equation.

Finally, consider the concepts of marginal and conditional density functions. They
are of particular importance for the theory of econometric modelling, outlined in Chapter
6. If X and Yare jointly continuous random variables, then their marginal probability

density functions are defined as

00

fx(x) Jfx,y(X,y)dy
-00

and
00

fy(y) Jfx.y(x,y)dx
-00

(2.6)

(2.7)

respectively. The conditional probability density function of Y given X=x, fy xC-Ix) is
I

defined as

Alx(-Ix)
fx.y(x,y)

fx(x)
for fx(x) >O. (2.8)

These are the fundamental notions of probability which are frequently used in what
follows. Note that some of the most fundamental notions, such as randomness and, in
general, the interpretation of probability, have not yet been defined. Quine (1978) notes
that mathematics in general (hence probability theory in particular) cannot do without a
non-formal interpretation. One of the earliest interpretations is the indifference theory

of probability.
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3. The indifference theory of probability

3.1 Indifference

The indifference or classical theory of probability dates back to Christiaan Huygens
(1620-1699), Gottfried von Leibniz (1646-1716), Jacques Bernoulli (1654-1705) and
especially Laplace (see Hacking, 1975, pp. 126-127, and Von Mises, 1957, p. 67). This
theory defines probability as the ratio of the number of favourable outcomes to the total
number of equally likely outcomes.

More precisely, if a random experiment can result in n mutually exclusive and equally
likely outcomes and if nA of these outcomes have an attribute A, then the probability of
A is

nA
peA) = -.

n
(2.9)

Note that this interpretation, if taken literally, restricts probabilities to rational
numbers (the same applies to the frequency interpretation). This is
satisfactory, because it excludes the appraisal of two single independent
likely events if their joint probability is 112 (the single probability of each event,

113, does not have an indifference of frequency interpretation).
The indifference theory of probability has drawbacks, more important than this one

and, therefore, has little support today. Even so, a discussion is useful for two
reasons. First, the problems of the indifference theory stimulated the formulation of
other theories of probability to which I will turn later. Secondly, the indifference
theory is useful for an understanding of a controversial issue in Bayesian econometrics,
the use of non-informative priors.

The name indifference theory dates back to Keynes (1921). In his effort to attack
this view of probability, he first formulates its basis which he coins the Principle of
Indifference (which was earlier known as the Principle of Insufficient Reason, a term
used in a probability textbook by J. von Kries in 1871; see Hacking, 1975, p. 126). The
principle of indifference states that events are equally probable if there is no known
reason why one event (or alternative) should occur (or be more credible) rather than
another (Keynes, 1921, p. 44). This formulation allows an idealist as well as a realist
interpretation. I will continue with the latter, but all remarks apply equally well to

the idealist one.

not quite
and equally
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3.2 Objections

I will now tum to some of the more important drawbacks of the principle of
indifference (see also Keynes, 1921 Chapter 4; or Von Mises, 1957, pp. 66-78). A first
objection is that the definition is either circular, which makes the definition of
probability tautological, or incomplete. The circularity arises if 'equally likely' is
identified with 'equally probable'. The probability of throwing heads with an unbiased
coin is 112, because this is how unbiasedness is defined: each possible outcome is
equally probable or equally likely. If, however, we do not know whether the coin is
unbiased, then it is not clear how the principle of indifference should be applied. If
equally likely is not synonymous to to equally probable, then it should be defined
independent of the definition of probability.

A second complication occurs if we complicate the experiment just slightly, by
tossing the coin twice. What is the probability of throwing two heads? One solution, that
works with partitions, would be 113, for there are three possibilities: two heads, two
tails and a head and a tail. Today, this answer is obviously wrong: the correct
calculation should consider the possible number of permutations. The mistake has been
made by the great men in the history of probability (for example Leibniz, see Hacking,
1975, p. 52), but even today it is not always clear how to formulate the set of equally
possible alternatives (Hacking, op. cit., mentions a more recent but similar problem in
small particle physics, where in some cases partitions, and in other cases permutations
have proved to be the relevant notion).

Thirdly, the principle of indifference implies that, if there is no reason to
attribute unequal probabilities to different events, the probabilities must be equal.
This generates uniform probability distributions-in fact all probability statements
based on the indifference theory are finally reduced to applications of uniform
distributions. But again, what do we do if all we know is that the coin is biased, not
knowing in which direction?

Fourthly, the application of a uniform distribution may lead to paradoxes such as
Bertrand's paradox (named after the mathematician Joseph Bertrand who discussed this
paradox in 1889; see also Keynes, 1921, p. 51; Van Fraassen, 1989, p. 306). Consider
Figure 1, where an equilateral triangle ABC is inscribed in a circle with radius OR. What
is the probability that a random chord XY is longer than one of the sides of the
triangle? There are (at least) three alternative solutions to the problem if the
principle of indifference is applied.

i. Given that one point of the chord is fixed at position X on the circle. We are
indifferent as to where on the circle the other end of the chord lies. If Y is located
between 113 and 2/3 of the circumference away from X, then from the interval [0,1] the
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interval [113,2/3] provides the favourable outcomes. Hence the probability is 113.
ii. We are indifferent on which point Z the chord crosses the radius of the circle.

As long as OZ is less than half the radius, the chord is longer than the side of the
triangle. Hence, the probability is 1/2.

iii. We are indifferent with respect to the location of the middle point of the
chord. In the favourable cases, this point lies in the concentric circle with half the
radius of the original circle. The area of the inner circle is 1I4th of the area of the
full circle, hence the probability is 1/4.

Figure 1. c

---.>,--+----1 R

y

The three solutions are contradictory. This is one of the most persuasive arguments
that has been raised against the indifference theory of probability (see also the
discusion of prior probability in Chapter 4.4.2). Von Mises gives another version of this
paradox, which deals with the problem of inferring the ratio of wine and water in a glass
that contains a wine and water mixture. We know that the mixture contains at least as
much water as wine and at most twice as much water as wine. Hence, the ratio waterlwine,
r, lies between 1 and 2. The principle of indifference suggests that the probability
P(l < r< 1.5) is equal to P(1.5 < r< 2). If, however, we analyze the same problem in terms of
the ratio of wine to water, rl, the appropriate total interval lies between 1/2 and 1.
The equiprobable intervals are now 112 to 3/4, and 3/4 to 1. Hence, P(.5<rl<.75) =

PC.75 < rl < 1), from which it follows that P(4/3 < r<2) = P(l < r<4/3) . This conflicts with
the result derived initially. The problem is that a uniform distribution for a variable x
fails to be uniform after a non-linear transformation, like 11x (the uniform distribution

is used with respect to different measures).
A final objection, expressed by Von Mises, is that it is often unclear what is meant
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by equally likely. For example,

'according to certain insurance tables, the probability that a man forty years
old will die within the next year is 0.011. Where are the "equally likely cases"
in this example? Which are the "favourable" ones? Are there 1000 different
possibilities, eleven of which are "favourable" to the occurrence of death, or
are there 3000 possibilities and thirty-three "favourable" ones? It would be
useless to search the textbooks for an answer, for no discussion on how to define
equally likely cases in questions of this kind is given.' (Von Mises, 1957, pp.
69-70).

Von Mises concludes that, in practice, the notion of a priori 'equally likely' is
substituted by some known long run frequency. This step is unwarranted unless the
foundation of probability also changes from indifference (or lack of knowledge) to
frequencies (or abundance of knowledge) in a very precise setting in which a proper
account of randomness if given.

3.3 The rule of succession

Before considering the views of Von Mises, I have to explain how the indifference
theory of probability can provide a basis for inductive reasoning. The probability a
priori, based on insufficient reason, will be mapped into a probability a posteriori by
Laplace's Rule of Succession. No other formula in the alchemy of logic, Keynes (1921, p.
89) writes, has exerted more astonishing powers. The simplest version of this rule is as
follows (for a formal derivation, see Jeffreys, 1961, pp. 127-8; Cox and Hinkley, 1974,
p. 368). If there is evidence from a sample of size n in which m elements have the
characteristic C, we may infer from this evidence that the probability of the next
element having characteristic C is equal to (m +1)/(n +2). An interesting implications of
the rule of succession is the following (discussed in Jeffreys, 1961, p. 128): sampling
will only yield a high probability that a population is homogeneous if the sample
constitutes a large fraction of the whole population. This is an unpleasant result for
those with inductive aims (homogeneity of outcomes is an important condition for
frequency theorists, like Von Mises, and for proponents of epistemological probability,
like Keynes and Jeffreys; see Chapters 3 and 4). It results from using a uniform prior
probability distribution to numerous (or infinite) possible outcomes. Keynes' principle
of limited independent variety (see Chapter 4) and the Jeffreys-Wrinch 'simplicity
postulate' (discussed in Chapter 6) are responses to this problem.

The validity of the Rule of Succession has been disputed. Venn, Bertrand and Keynes
reject the rule, while authors such as Jevons and Pearson support it4 Carnap generalizes

4 The rule is discussed in Keynes (1921, Ch. 30). Keynes' quibble about Laplace's
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the rule (see Chapter 4.2.2). If n increases, the probability converges to the relative
frequency or 'straight rule' (supported by Neyman). But, on the other hand, if n = 0,
then we may conclude that the probability that a randomly assigned man is named Laplace
is equal to 1/2. Of course, this raises the issue how to classify events in equiprobable
categories. Using indifference for inductive purposes in economics is hardly feasible,
and the results can be suspect. Take, for example, the dispute about the source of long
term unemployment: heterogeneity versus hysteresis.f Are these hypotheses equiprobable?
Perhaps. But how can evidence, for different countries for example, be used in a rule of
succession? In Britain, hysteresis may provide the best explanation for unemployment
spells, in the USA it may be heterogeneity. But the evidence is not beyond doubt, and
inserting the cases in a rule of succession would be meaningless.

4. Summary

This chapter introduced a formalism of probability, and an interpretation of probability.
The formalism is rather widely accepted among current probability theorists (although
there are some notorious dissenters, in particular with respect to countable additivity).
In order to use probability theory for problems of inference, one needs more than a
formalism. Kolmogorov supports a frequentist interpretation of probability, similar to
the one proposed by Von Mises. This frequency interpretation emerged as a response to the
defects of the indifference theory of probability. The other response is the

epistemological interpretation of probability.
The indifference theory of probability is based on an idea of symmetry between

equally likely events or propositions. Equally likely can be interpreted in a realist
sense (related to absence of dominant causes) or in an epistemological sense (related to
absence of knowledge about the determination of the ourcomesj.v The most important defect
of this interpretation is the circularity of the definition. It is not clear in what
sense 'equally likely' differs from 'equiprobable'. Only in rare cases, one can establish
a priori whether events are equally likely. When this is not possible, the indifference

calculations of the probability of a sunrise (see Chapter 1, and Keynes, 1921, pp. 417-8)
is the result of an abuse of this rule: the elements in the sample should be independent,
which is clearly not the case here. Other discussions can be found in Fisher (1956, p.
24), Jeffreys (1961, p. 127) and Howson and Urbach (1989, pp. 42-44).
5 Heterogeneity means that a person who is a long term unemployed is apparently someone
of low quality. Hysteresis means that unemployment itself reduces the chance on obtaining
a new job, because the unemployed person loses human capital.
6 Scientific realism will be discussed in Chapter 10.2.
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theory of probability results in paradoxes, notably Bertrand's. A related problem arises
with respect to classification of events. Bertrand's paradox inspired Von Mises to his
frequency theory of probability, and Keynes to his epistemological theory.

As an inductive principle, the method of indifference has yielded Laplace's Rule of
Succession. This rule has clear drawbacks, but still figures at the background of some
more advanced interpretations of probability, such as the one proposed by Carnap. I will
now tum to these alternative interpretations: the frequency theory and propensity theory
(Chapter 3) and the epistemological theory (Chapter 4).



Chapter 3

RELATIVE FREQUENCY AND INDUCTION

They wanted facts. Facts! They demanded facts from
him, as if facts could explain anything!
Joseph Conrad, Lord Jim.

1. Introduction

The Concise Oxford dictionary of current English (eight edition, 1990), gives as the
'Math' meaning of probability 'the extend to which an event is likely to occur, measured
by the ratio of the favourable cases to the whole number of cases possible.' This is the
frequentist interpretation of probability, which dominates mainstream probability theory
and econometric theory. Proponents of the frequency theory bolster in its alleged
objectivity, its exclusive reliance on facts. For this reason, it is sometimes called a

'realistic' theory (Cohen, 1989).
The most radical relative frequency interpretation of probability has been advanced

by Von Mises. His view is discussed in Section 2. Alternative frequentist interpretations
of probability which will be discussed in this chapter are due to RA. Fisher (Section
3), and to Neyman and Pearson (Section 4). Popper's view on probability, which is
supposed to be entirely 'objective', is discussed in Section 5. Section 6 summarizes this
chapter. I will argue that, despite the elegance of the theory of Von Mises and the
mathematical rigour of the Neyman-Pearson theory, those theories have fundamental
weaknesses if the aim is econometric inference. The framework proposed by Fisher comes

closer to the needs of econometric inference.

2. The frequency theory of Richard von Mises

Keynes (1921, p. 100) pays tribute to the English mathematician Leslie Ellis for
providing the first logical investigation of this theory (in 1843). Ellis objected to
relating probability to ignorance: ignorance is no ground for inference, 'ex nihilo
nihil' (see also Jaynes, 1978, p. 282). John Venn (today better known for his diagrams)
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elaborated a formal frequency theory of probability in a book, The Logic of Chance, which
appeared in 1866. Still, a satisfactory theory did not exist until the early twentieth
century.I In 1919, Richard von Von Mises provided the foundations for a frequency theory
of probabilistic inference.2 Shortly after, Fisher (1922) provided an additional
frequentist foundation of probabilistic inference.

Von Mises (1883-1953) was born in the same year as Keynes, who proposed an
epistemological theory of probability which is opposite to Von Mises' theory (see Chapter
4). Ironically, Von Mises brother was the economist Ludwig von Mises (1881-1973), a
leading exponent of the Austrian subjective school of economic thought, rival to
Keynesian economics. Richard von Mises was a disciple of Mach. From 1901 to 1906, Von
Mises studied in Vienna. Later, when he held a chair in Berlin, he regularly attended
Moritz Schlick's meetings of the Wiener Kreis, where the logical positivist philosophy
burgeoned) At these meetings, he met Popper (see Popper, 1976), but Von Mises never
became a Popperian falsificationist. Von Mises shares a radical empiricist approach with
Mach.4 In 1933, Von Mises fled Germany, first to Istanbul (as Reichenbach did) and in
1939 to the USA where he worked at Harvard.f

2.1 The primacy of the collective

The principal goal of Von Mises was to make probability theory a science similar to
other sciences, with empirical knowledge as its basis. The frequency theory relates a
model directly to the 'real world' (i.e. the data) via the observed, 'objective', facts.
This theory is founded upon the occurrence of repetitive events (a class to which theory

1 Maddala (1977, p. 13) claims that 'The earliest definition of probability was in terms
of a long-run relative frequency.' This claim is wrong: the relative frequency theory of
probability emerged in response to the indifference theory.
2 See the auto-biographical note in Von Mises (1957, p. 224).
3 In 1928, the first, German, edition of Von Mises (1957) appeared as Volume 3 of the
Schriften zur wissenschaftlichen Weltauffassung, edited by the members of the Wiener
Kreis, Phillipp Frank and Moritz Schlick. Von Mises (1939) appeared as Volume 1 of the
Library of Unified Science, edited by another prominent member of the Wiener Kreis, Otto
Neurath (1882-1945).
4 Von Mises' own position in philosophy is best characterized as plainly positivist. He
does not have quite the same interest in logic as logical positivists like Schlick and
Carnap. He disagrees with Carnap on inductive probability (e. g. Von Mises 1957, p. 96).
Logical positivism is therefore a less apt characterization of Von Mises' views.
5 The logical positivist and frequentist philosopher of probability, Hans Reichenbach
(1891-1953), also held professorships at Berlin and Istanbul; finally, Reichenbach moved
to UCLA. See Samuelson (1991) for his reminiscences of Von Mises and the MIT Statistics
seminar he presented in 1943 (this seminar was held at the Department of Economics and
Social Science, and organized by Lawrence Klein and Joseph Ullman).
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appraisal does not belong, at least at first sight). Von Mises (1964, p. 1) claims that
his probability theory is not considered with problems like the probability that the two
poems Illiad and Odyssey have the same author. There is in this case no reference to a
prolonged sequence of cases, hence it hardly makes sense to assign a numerical value to
such a conjecture (Von Mises, 1964, pp. 13-14). The authenticity of Cromwell's skull,
investigated by Karl Pearson (1857-1936), who used statistical techniques to confirm the
authenticity of the skull, cannot be analyzed in Von Mises' probabilistic framework.
There is no way to probabilify scientific theories. This distinguishes Von Mises'
frequency theory from the frequency theory of his close colleague, Reichenbach.
Reichenbach holds that the aim of induction 'is to find series of events whose frequency
of occurrence converges toward a limit' (Reichenbach, 1938, p. 350; emphasis in
original). This could have been said by Von Mises as well. Both argue that the frequency
limit is a probability, and this is how probability should be defined. However,
Reichenbach (1935) argues that it is perfectly possible to determine the probability of
the quantum theory of physics, even to fix a numerical probability. This can be done, if

'man sie mit anderen physikalischen Theorien ahnlicher Art in eine Klasse
zusammenfaBt und fur diese die Wahrscheinlichkeit durch Auszahlung bestirnmt.'
(Reichenbach, 1935, p. 329)

(i.e. one should construct an urn with similar theories of physics). These probabilities
are quantifiable, Reichenbach argues. How his urn should be constructed in practice, and
how to make the probability assignments, remains highly obscure, however (except for the
suggestion that one can bet, which may yield a consistent foundation of probabilistic
inference but implies a departure from the basic philosophy underlying a frequentist
theory of probability). Therefore, I do not think that Reichenbach's theory is of much
help, so I will return to Von Mises' views.

Theory appraisal is beyond the scope of the frequentist approach. A theory is right
or it is false, if it is false then it is not a valid base for probabilistic inference.
More generally, Von Mises claims that probability should not be interpreted in an
epistemological sense. It is not a lack of knowledge (uncertainty) that provides the
foundation of probability theory, but our experience with large numbers of events. For
example, Von Mises criticizes the idealist interpretation of the principle of
indifference by Czuber, who asserts that:

'Our absolute lack of knowledge concerning the conditions under which a die falls
causes us to conclude that each side of the die has the probability 116' (quoted
in Von Mises, 1957, p. 30).

The base of the frequency of Von Mises is formed by repetitrve random events that
form a collective. A collective is a sequence of uniform events or processes, which
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differ by certain observable attributes (colours, numbers, velocities of molecules in a
gas, et cetera) (Von Mises, 1957, p. 12). The collective must be defined before one can
speak of a probability-first the collective, then the probability. A collective must
fulfill two conditions. The first is the convergence condition, i.e. the relative
frequencies of the attributes must possess limiting values (this condition is an
elaboration of the Venn limit). The second is the randomness condition, i.e. the limiting
values must remain the same in all partial sequences which may be selected from the
original one in an arbitrary way (Von Mises, 1957, pp. 24-25). The randomness condition
is also known as the principle of the impossibility of a gambling system (Von Mises,
1957, p. 25). Let me now be slightly more precise by defining the two conditions of Von
Mises. They are:

Convergence condition. Let the number of occurrences of an event with
characteristic i be denoted by ni, and the number of all events by n. Then

lim ~i
= Pi'

n-scc n
1,2,... .k, (3.1)

where Pi is the limiting frequency of characteristic i.

Von Mises notes that an observed frequency may be different from its limiting value,
for example, a sequence of 1,000,000 throws of a die may result in observing only sixes
even though its limiting frequency may be only 1/6. Hence,

'It is a silent assumption, drawn from experience that in the domain where
probability calculus has (so far) been successfully applied, the sequences under
consideration do not behave this way; they rather exhibit rapid convergence.'
(Von Mises, 1964, p. 6)

Note that the convergence condition is not a restatement of the law of large numbers (a
mathematical, deductive theorem) but is an argument based on a postulated empirical
observation. From a formal point of view, Von Mises should have made use of a probability
limit rather than a mathematical limit in his definition of the convergence condition. In
that case it becomes problematic to define the collective first, and then to define
probability. Like the indifference interpretation, the frequency interpretation uses a
circular argument. However, Von Mises is an empiricist and prefers to base his
interpretation of probability on empirical statements, not on formal requirements.
Moreover, if Von Mises could define a random event without making use of a primitive
notion of probability, his program (first the collective, then probability) might be
rescued. Such an effort is made with the second condition of Von Mises. This is the

Randomness condition. Let m be an infinite sub-sequence of sequence n, derived by
a place selection. A place selection is a function t/> that selects an element out
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of sequence n where the selection criterion may depend on the value of already
selected events, but does not depend on the value of the event to be selected or
subsequent ones in n. Then it should be the case that

47

mi
lim - = Pi'
m-scc m

i = 1,2, ... ,k. (3.2)

Hence, the sub-sequence converges to the same limiting frequency Pi as the original
sequence. But again, from a formal point of view, a probability limit seems to be
required. However, Von Mises regards the collective as an empirical, not a mathematical,
entity, idealized by taking a limit.

Fisher (1956, p. 32) proposes a condition similar to (3.2): the condition of no
recognizable subsets. An example in time series econometrics is the criterion of no
serial correlation in the residuals of a regression. Again, the condition is said to be
based on empirical experience. Von Mises (1957, p. 25) invokes experience in Monte Carlo
to support his thesis that the principle of the impossibility of a gambling system exists
in reality, but below I will question this thesis.

The limiting value of the relative frequency of an attribute that satisfies the
convergence and randomness conditions is called the probability. Hence, probability is
derived from observables, not from ignorance. This view is radically different from the

indifference theory:

'It has been asserted-and this is no overstatement-that whereas other sciences
draw their conclusions from what we know, the science of probability derives its
most important results from what we do not know.' (Von Mises, 1957, p. 30)

In discussing the case of a die, Von Mises argues that most people do not position

the centre of gravity of an unknown cube in its geometric centre because of their lack of
knowledge. Instead, this behaviour is due to actual knowledge of a large number of
similar cubes (Von Mises, 1957, p. 76). Probability theory is an empirical science like

other ones, such as physics:

'Probability theory as presented in this book is a mathematical theory and a
science; the probabilities play the role of physical constants; to any
probability statement an approximate verification should be at least
conceivable.' (Von Mises, 1964, p. 98)

If such physical constants really exist, can they be found in economics as well?

2.2 Comments

We have seen that, unlike the formalism of Kolmogorov, Von Mises provides a very
precise interpretation to the notion of probability and randomness. Kolmogorov takes
probability as a fundamental (primitive) notion, whereas Von Mises attempts to derive the
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meaning of probability from other fundamental notions, in particular convergence and
randomness. Kolmogorov (1933, p. 2) remarks that the two approaches serve different ends:
Von Mises is interested in bridging the mathematical theory with the 'empirische
Entstehung des Wahrscheinlichkeitsbegriffes' (Kolmogorov, 1933, p. 2). Kolmogorov (1933,
p. 3, n. 1) accepts the empirical interpretation of Von Mises. Von Mises, on the other
hand, has high esteem for Kolmogorov as a mathematician but rejects the view that his
mathematical investigations serve as foundations of probability-instead, they constitute
the foundations of the mathematical theory of distributions (Von Mises, 1957, p. 99).

The formal circularity of the argument, mentioned above, has rarely been criticized.
Instead, Von Mises' interpretation has been attacked by some followers of Kolmogorov for
an alleged conceptual weakness, which relates to the notion of place selection, in
particular for an inconsistency for non-denumerable sequences. What is this conceptual
weakness mentioned by Von Mises critics? Von Mises emphasizes the constructive role of a
place selection in his randomness condition-there are no restrictions on the resulting
sub-sequence itself. But formally, it can be proved that there exists a place selection
which provides an infinite sequence of random numbers, in which only one number
repeatedly occurs.v Can this be called a 'random sequence'? A similar question will be
posed, below, in case of Fisher's account of randomization.

Von Mises was not bothered by the critique. To understand why, it is useful to
distinguish different approaches in mathematical inference. Some mathematicians, perhaps
the dominant school today, prefer to build mathematical concepts from structures (sets of
relations and operations) and axioms, which are used to characterize the structures.
(,Nicolas Bourbaki', a pseudonym for a group of French mathematicians, advanced this
approach in a series of volumes starting from 1939; Kolmogorov is a forerunner of this
approach). Another school (with L.E.J. Brouwer as one of its principal proponents) only
accepts intuitive concepts. Intuitionism holds that mathematical arguments are mental
constructs. Von Mises, finally, follows a constructive approach (intuitionism and
finitism are special versions of the constructivist approach). He argues that this
constructivism makes his theory empirical (scientific, like physics). He does not care
about the formal possibility that a very unsatisfactory sequence (collective) can
conceivably be constructed, as in practice it is highly unlikely that one will hit such a
sequence by an acceptable place selection (1957, pp. 92-93). Abraham Wald (1940) showed
that if the set of place selections {<p} is restricted to a countable set, the problem
disappears.? Church (1940) proposed to identify this set with the set of recursive (i.e.

6 For any sequence, there is an admissible <p that coincides with a '" that is
inadmissible, where admissibility is defined according to the definition stated in the
randomness axiom.
7 Wald (1902-1950) studied in Vienna between 1927 and 1931. He probably met Von Mises in
Vienna at Karl Menger's Mathematisches Colloquium. See also Popper (1974). Wald left
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effectively computable) functions (see also the next chapter, Section 4.5.2).
Granted this solution due to Wald and Church, two problems remain. First, it has been

shown that some desired properties do not follow from the resulting 'Von Mises-Wald-
Church' random sequences (see Li and Vitanyi, 1990, p. 194). Secondly, the circularity
related to the convergence axiom is not yet solved. Both problems can be solved if Von
Mises' theory is refined one step further. Now, instead of 'first the collective, then
probability' is replaced by 'first a random sequence, then probability'. This approach,
also suggested in Li and Vitanyi (1990), will be pursued in the next chapter (Section
4.5).

Apart from the problems, Von Mises' theory is very useful to clarify some of the hot
issues in probability theory. For example, he is able to get around Bertrand's paradox,
because he restricts probability to cases where we can obtain factual knowledge, for
example a collective of water-wine mixtures. The limiting ratio of water and wine exists
in that case, the value depends on the construction of the collective. Different
constructions are possible, they will give different limiting frequencies. The problem is
to find out, in an empirical context, first, if we have a sequence that satisfies the
conditions of a collective, and next, to infer a probability distributions of this
collective from the observations. It will be clear that a difficulty arises as a
collective is defined for an infinite sequence, not for a finite one. Hence, we have to
do with an idealization. Von Mises acknowledges that

'It might thus appear that our theory could never be tested empirically' (Von
Mises, 1957, p. 84).

Von Mises compares this idealization with other popular ones, such as the determination
of a specific weight (perfect measurement being impossible) or the existence of a point
in Euclidean space.8 The empirical validity of the theory does not depend on a logical
solution, but is determined by practical decision (Von Mises, 1957, p. 85). This decision
is based on previous experience of successful applications of probability theory, where
practical studies have learnt that frequency limits are approached comparatively rapidly.

'Experience has taught us that in certain fields of research these hypotheses are
justified,-we do not know the precise domain of their validity. In such domains,
and only in them, statistics can be used as a tool of research. However, in
"new" domains where we do not know whether "rapid convergence" prevails,
"significant" results in the usual sense may not indicate any "reality'" (Von
Mises, 1964, p. 110).

Austria in 1938 and found shelter at the Cowles Commission. In 1939, he went to Columbia
University to work with Hotelling.
8 In his later writings, the mathematician and Bayesian probability theorist, Emile
Borel, objects to the use of asymptotic arguments in mathematics. The critic of Bayesian
probability theory, Van Dantzig, also questions the use of infinity. See Van Dalen
(1978).
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This does not seem to be very satisfactory for an objectivist account of probability, but
Von Mises deserves credit for its explicit recognition. If the data are not homogeneous
(homogeneity is Keynes' version, in the framework of a logical theory to be discussed
below, of the condition of convergence-Keynes repeatedly suggests that this condition is
not satisfied in case of economic data), then statistical inference lacks a foundation
and Hume's problem remains unresolved. Von Mises' probabilistic solution to Hume's
problem is, in the end, a pragmatic one.

2.3 Inference and the collective

Let us assume now that, for a specific application, the theory is decided to be
valid. How can it be used for scientific inference or induction? The answer to this
question cannot be given before the law of large numbers is discussed. This law dates
back to Bernoulli, has been coined and reformulated by Poisson and is since then one of
the cornerstones of probability theory. Without success, Keynes (1921, p. 368) suggested
to rename this law as the 'stability of statistical frequencies', which provides a clear
summary of its meaning.

Weak law of large numbers (Chebyshev).9 Let f(· 2 be a probability density
function with mean 11 and (finite) variance 0'2, and let x be the sample mean of a
random sample of size n from f(.). Let e and 0 be any two specified numbers
satisfying e > 0 and 0 < 0 < 1. If n is any integer greater than 0'2/£20, then

P(IXn - III <c) ~ 1 - 0 (3.3)

(see Mood et al., 1974 p. 232; or Von Mises, 1964, pp. 230-243, with discussion
of the laws of large numbers of Khintchine and Markov which do not rely on the
restriction on the variance; see also Spanos, 1986, Ch. 9).

The interpretation of this law is that, if the number of observations increases, the
difference between the sample mean and its 'true' value 11 becomes arbitrarily small. In
other words (Von Mises, 1964, p. 231), for large n it is almost certain that the mean of
n observed values be found in the immediate vicinity of its expected value. This seems to
provide a 'bridge' (a notion introduced by Von Mises, ego 1957, p. 117, and used by
Popper, 1959) between observations and probability, or more specifically, how
observations can point to the location of a probability. But, the law of large numbers is
a one way bridge, which you cannot pass to and fro, but only from the 'true' value of the

9 The weak law of large numbers relates to convergence in probability. The strong law
relates to almost sure convergence. Borel and Kolmogorov invented different versions of
strong laws.
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probability to the observations.lO Can we infer in the other direction, from the sequence
of observations to the expected value? The oldest answer to this question is the so-
called straight rule which simply states that the probability is equal to the observed
frequency (independently of the number of observationsj.U Without consideration of a
prior probability, this rule is not valid. The recognition of this point seems to have
been the basis for Laplace's rule of succession, already discussed.

Von Mises' solution to the problem is to combine the law of large numbers with Bayes'
theorem (Von Mises, 1957, p. 156, and 1964, p. 340). He calls the result the second law
of large numbers (the flrst one is Bernoulli's one, a special case of Chebyshev's; see
Spanos, 1986, pp. 165-6 and Von Mises, 1957, p. 105; the expression for the second law,
given below, strongly resembles Von Mises' formulation of Bernoulli's theorem). This
second law is formulated in such a way that the numerical value of the prior
probabilities or its specific shape is irrelevant, except that the prior density (in the
notation of Von Mises, 1964, p. 340, Po(x» is continuous and does not vanish at the
location of the relative frequency r, and, furthermore, Po(x) has an upper bound. These
are the conditions the the following theorem:

'Second law of large numbers'. If the observation of an n-times repeated
alternative shows a relative frequency r of 'success', then, if n is sufficiently
large, the chance that the probability of success lies between r-c and r+c is
arbitrarily close to one, no matter, how small the c. (Von Mises, 1964, p. 340)

The frequentist solution to the problem of inference given by Von Mises consists of a
combination of the frequency concept of a collective with Bayes' theorem. If knowledge of
the prior distribution exists, there is no conceptual problem with the application of
Bayes' theorem. If, as is more often the case, this prior information does not exist,
inference depends on the availability of a large number of observations:

'It is not right to state that, in addition to a large number of observations,

10 Keynes (1921, pp. 394-399) cites an amusing sequence of efforts to 'test' the law of
large numbers. In 1849, the Swiss astronomer Rudolf Wolf counted the results of 100,000
tosses with dice, to conclude that they were ill made, biased (Jaynes, 1979, calculates
the physical shape of Wolf's dice, using Wolf's data). Keynes (1921, p. 394) remarks that
G. Udny Yule also 'indulged' in this idle curiosity. Despite Keynes' mockery, Yule (1929,
pp. 257-8; the ninth edition of the book to which Keynes refers) contains the phrase that
'Experiments in coin tossing, dice throwing, and so forth have been carried out by
various persons in order to obtain experimental verification of these results. ( ... ) the
student is strongly recommended to carry out a few series of such experiments personally,
in order to acquire confidence in the use of the theory.'
11 The straight rule is discussed in Cohen (1989, p. 96), who attributes the rule to Hume.
Jeffreys (1961, p. 370) attributes it to De Moivre's Doctrine of Chances (the first
edition of this work appeared in 1718, when Hume was six years old). Jeffreys (1961, p.
369) suggests that, more recently, Jerzy Neyman supports the straight rule, and
criticizes Neyman. Considering Neyman's reply, Jeffreys' suggestion is valid, though part
of Jeffreys' comments are not (see Neyman, 1952, pp. 10-12).
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knowledge of [the prior distribution] is needed. One or the other is sufficient.'
(Von Mises, 1964, p. 342)

It is time for a summarizing appraisal of Von Mises' theory of probability. A
strength of Von Mises' theory is also its weakness: it is impossible to analyze
probabilities of individual events with a theory based on collectives, or to perform
small sample analysis if there is no exact knowledge of prior probabilities. In
particular the latter poses a problem for an application to economics. Another weakness,
already discussed, is how to decide whether we have to do with a collective. A
mathematical difficulty is the possibility of existence of collectives, which do not
accord with the intuitive notion of random sequences (such as a sequence of only ones).
Finally, Von Mises underestimates some of the problems that arise from the application of
non-informative priors. In many cases, Von Mises is correct in saying that the influence
of the prior washes out if the number of observations increases, but this may not always
be true. An example, of particular interest in economics, is inference with respect to
time series, where the choice of the prior is crucial for the conclusion to be drawn,
even with large numbers of observations (see for example Sims and Uhlig, 1991).12

Von Mises' theory cannot form a basis for econometric inference, as the existence of
a collective is a sine qua non for his theory of inference. And even approximate
collectives are rare, especially in economics.D Von Mises is seldom cited in econometrics
(Spanos, 1986, p. 35, is an exception; another exception is the book review, by the
philosopher Ernest Nagel, in Econometrica of the earlier German edition of Von Mises,
1957; this review appeared in 1952). His influence is not negligible, however. The
probability theorist Jerzy Neyman (who bases his methods primarily on the formalism of
Kolmogorov) is 'appreciative of von Mises' efforts to separate a frequentist probability
theory from the intuitive feelings of what is likely or unlikely to happen.' (Neyman,
1977, p. 101). Many of Von Mises' ideas entered econometrics indirectly, via his student
Abraham Wald. Harald Cramer, who is also well known in the econometrics literature, set
out a probability theory that is claimed to be closely related to the theory of Von Mises
(see Cramer, 1955, p. 21).14

If the theory of Von Mises were applicable to economics, it seems that the area of

12 One might argue that time series, which are on the verge of stationarity, are
borderline cases of Von Mises' collectives. If a Von Mises-frequentist indeed argues that
such time series do not qualify as a collective, then he will not indulge in a
probabilistic investigation of this series.
13 Although I do not have direct evidence for this proposition, this may be a reason why
Von Mises' brother, Ludwig von Mises, rejects the use of formal probability theory in
economics.
14 Cramer's book on mathematical statistics, published in 1946, was the standard reference
book on probability theory that was used by econometricians in the early days (Sargan,
conversation with the author).
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micro-econometrics, where data are relatively abundant, is the appropriate domain for
application, and not macro-econometrics. However, it is an open question whether the
criterion of convergence is satisfied in micro-econometric applications. Jeffreys (1961,
p. 373) calls the situation in which the convergence condition is not satisfied one of
complete randomness. 15 In Chapter 9, arguments are given for why complete randomness may
be relevant for econometrics. Probabilities in economics are not the kind of physical
properties that Von Mises seems to have in mind in constructing his theory. Even so, the
subtlety of Von Mises' work justifies a serious attempt for an interpretation of
econometric inference as the study of social (rather than physical) collectives.

3. R.A. Fisher's frequency theory

Sir R.A. Fisher (1890-1962) was a contemporary to Von Mises. Both developed a frequency
theory of probability. Fisher was influenced by Venn, the critic of 'inverse
probability', and President of Gonville and Caius College whilst Fisher was an
undergraduate student there (Edwards, 1992, p. 248). While Von Mises is a positivist in
the tradition of Mach, Fisher is an exponent of British empiricm, often associated with
the names of Locke, Berkeley and Hume. Fisher's methodological stance is more
instrumentalistic than Von Mises'. Von Mises excels in analytic clarity and an unusual
careful analysis of all ingredients of his theory. Fisher, on the other hand, is the man
of intuitive genius rather than analytical rigour. His theoretical conjectures have often
been proved by other statisticians, but he also succeeded in making empirical conjectures
(predicting 'new facts' which were verified afterwardj.If Fisher is the man of the Galton
laboratory, where theory met practical application, which he considered to be more
important for a theory of probability than anything else. His innovations to the
vocabulary and substance of statistics have made him immortal. His resistance to accept
suggestions from some of his colleagues (most of all, Neyman and Egon Pearson) are
equally famous. I will now discuss Fisher's version of a frequency theory of statistical
inference.

15 It is not difficult however to construct non-converging sequences that are far from
random. For example, the sequence 01001100001111... neither converges, nor is random.
16 A remarkable example is his research in human serology. In 1943, Fisher and his
research group made exciting discoveries with the newly found Rh blood groups in terms of
three linked genes, each with alleles. They predicted the discovery of two new antibodies
and an eighth allele. These predictions were soon confirmed,



54 Part I. Probabilistic Inference

3.1 Fisher on the aim and domain of statistics

Fisher gives the following description of the aim of statistics:

'the object of statistical methods is the reduction of data. A quantity of data,
which usually by its mere bulk is incapable of entering the mind, is to be
replaced by relatively few quantities which shall adequately represent the whole,
or which, in other words, shall contain as much as possible, ideally the whole,
of the relevant information contained in the original data. This object is
accomplished by constructing a hypothetical infinite population, of which the
actual data are regarded as constituting a random sample.' (Fisher, 1922, p. 311)

Fisher added an impressive list of criteria and methods to statistical theory that serve
this purpose of data reduction. Consistency, efficiency, sufficient and ancillary
statistics, maximum likelihood, fiducial inference, and other terms are only a few of
Fisher's inventions. Fisher is well aware, however, that a theory of data reduction by
means of estimation and testing is not yet the same as a theory of scientific inference.
He accepts Bayesian inference if precise prior information is available, but notes that
in many, if not all, cases, prior probabilities are unknown. For these circumstances, he
proposes the fiducial argument, 'a bold attempt to make the Bayesian omelet without
breaking the Bayesian eggs' (Savage, 1961, p. 578). I will first discuss a number of
elements of Fisher's theory of probability, and then ask whether econometricians may use
the fiducial argument for inference.

Unlike Von Mises, Fisher does not restrict the domain of probability theory to
'collectives'. Fisher takes as the starting point of the theory of probability the
hypothetical infinite population (introduced in Fisher, 1915), the ensemble of the
American mathematician and physicist Willard Gibbs (1839-1903), who used this notion in
his theory of statistical mechanics. A hypothetical infinite population seems similar to
Von Mises' collective, but there are two differences. Von Mises starts with observations,
and then postulates what happens if the number of observations goes off to infinity.
Fisher starts from an infinite number of possible trials and defines the probability of p
as the ratio of cases where p is true to the total number of observations. Secondly,
unlike Von Mises, Fisher has always been interested in small sample theory (those who are
not, are 'mathematicians without personal contact with the Narural Sciences', cf. Fisher,
1955, p. 69-this reference is in particular addressed to Wald and Neyman; Von Mises does
not show up in Fisher's writings, not even in Fisher, 1956, one of his most philosophical
works). These two differences are related: Fisher moves away from large numbers of
observations (which was also Karl Pearson's starting point), to conceptual experiments
that could be performed in a laboratory.

According to Fisher (1956, p. 33), it is possible to evaluate the probability of an
outcome of a single throw of a die, if it can be seen as a random sample from an
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aggregate, which is 'subjectively homogeneous and without recognizable stratification'.
Before a limiting ratio can be applied to a particular throw, it should be subjectively
verified that there are no recognizable subsets (Fisher, 1956, pp. 32-33, his
terminology). The condition of no recognizable subsets is similar to Von Mises' condition
of randomness, although the latter is better formalized and, of course, strictly intended
for investigating a collective of throws, not a single throw.

Another difference between the theories of Von Mises and Fisher is that, in Fisher's
theory, there is no uncertainty with respect to the parameters of a model: the 'true'
parameters are fixed quantities, the only problem is that we cannot observe them
directly. Von Mises remarks that

'I do not understand the many beautiful words used by Fisher and his followers in
support of the likelihood theory. The main argument, namely, that p is not a
variable but an "unknown constant", does not mean anything to me.' (Von Mises,
1957, p. 158)

and

'The statement, sometimes advanced as an objection [to assigning a prior
probability distribution to parameter e], that e is not a variable but an
'unknown constant' having a unique value for the coin under consideration, is
beside the point. Any statement concerning the chance of e falling in an interval
H (or concerning the chance of committing an error, etc.) is necessarily a
statement about a universe of coins, measuring rods, etc., with various
s-values.' (Von Mises, 1964, p. 496)

For the purpose of inference, the frequentist asserts, implicitly or explicitly, that
the statistical model is 'true' (Ed Leamer calls this the axiom of correct
specification). This is a notable assumption if two competing theories, which both have a
priori support, are evaluated! Either, the frequentist who wants to evaluate such
theories has to take the foundations of this frequentist probability theory with a grain
of salt, or inference is unnecessary as it is already known that one or the other model

is true.
Spanos (1989, p. 411) claims that this 'axiom' of correct specification was first put

forward by Fisher. Spanos asserts that TjaUing Koopmans (1937) refers to it as 'Fisher's
axiom of correct specification'. Although Koopmans does discuss specification problems in
his monograph, there is no reference to such axiom. It would have been most unlikely that
Fisher ever used the term 'axiom' in relation to correct specification: his style of
writing is far remote from the formalistic and axiomatic language in the structuralistic
tradition.J? Fisher's hero was Darwin (or Mendel), not Hilbert (or Kolmogorov). He was
interested, for example, in pig breeding, not axiomatics (see the biography by his

17 The only place where Fisher explicitly uses 'axiom' is in his rejection of 'Bayes'
axiom' (of a uniform prior distribution). See Fisher (1935, pp. 6-7).
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daughter, Joan Fisher Box, for a superb characterizing of R.A. Fisher). His skepticism
towards axiomatics is revealed in an anecdote and letters to H. Fairfield Smith and
Harold Jeffreys, discussed by Barnard (1992, p. 8).18

I will not indulge in problems of specification here, but postpone it to a discussion
in Chapter 6. It is time for discussing a number of Fisher's innovations to the
statistical box of tools. It is useful to know their origin and to see how they fit in
other interpretations and applications of probability. Fisher's tools have obtained wide
acceptance, whereas Fisher's theory of inference has not.

3.2 Criteria for statistics

As Hicks did for economics, Fisher added a number of most useful concepts to the
theory of probability. I will discuss consistency, efficiency, sufficiency, ancillarity,
information, (maximum) likelihood and significance points.

Consistency

According to Fisher (1956, p. 141), the fundamental criterion of estimation is known
as the Criterion of Consistency. His definition of a consistent statistic is:

'A function of the observed frequencies which takes the exact parametric value
when for these frequencies their expectations are substituted.' (Fisher, 1956, p.
144)

This definition of consistency is actually what today we call unbiasedness (I will use
the familiar definitions of consistency and unbiasedness in the remainder). It would
reject the use of sample variance as an estimator of the variance 0'2 of a normal
distribution. A condition, which according to Fisher (1956, p. 144) is 'much less
satisfactory', is weak consistency (today known as plain consistency): the probability
that the error of estimation of an estimator t; for a parameter 8 given sample size n
converges to zero if n grows to infinity (plimrHoo tn = 8; a consequence of Bernoulli's
weak law of large numbers and in the theory of Von Mises a prerequisite for probabilistic
inference-his condition of convergence). Fisher wants to be able to apply his criterion
to small samples (which is not possible if the asymptotic definition is used), therefore,
he prefers his own definition.

The importance of unbiasedness and consistency is not generally accepted. Fisher
regards unbiasedness as fundamental. Many authors accept consistency as obvious. Spanos

18 Around 1950, after a lecture, Fisher was asked whether fiducial probability satisfied
Kolmogorov's axioms. He replied: 'What are they?'
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(1986, p. 244) finds consistency 'very important'. Cox and Hinkley (1974, p. 287) give it
'a limited, but nevertheless important, role'. Efron (1986, p. 4) holds that unbiasedness
is popular for its intuitive fairness. The other side of the spectrum is the Bayesian
view, for example presented in Howson and Urbach (1989, p. 186), who see no merit in
consistency as a desideratum, or Savage (1954, p. 244) who asserts that a serious reason
to prefer unbiased estimates has never been proposed. The student of Fisher, C.R. Rao
(1973, p. 344), makes fun of consistency by defining the consistent estimator <Pn as <Pn =

o if n ::s 1010 or <Po = an if n '" 1010 , where an is a consistent estimator of a. In case
of sample sizes usually available in economics, this suggest to use 0 as the (consistent)
estimate for any parameter a. In Chapter 9, I will give other arguments that undermine
the relevance of the notion of consistency in the social sciences.

One reason for the appeal of consistent estimators may be that not many investigators
would like to assert that, in general, they prefer biased estimators, because of the
emotional connotations of the word bias. If this is the rhetorics of statistics in
practice, then this also would apply to the notion of efficiency.

Efficiency
A statistic of minimal limiting variance is termed efficient (Fisher, 1956, p. 156).

In case of biased estimators, efficiency is usually defined as minimizing the expected

mean square error, [(8_a)2.

Sufficiency
The criterion of sufficiency states that a statistic should summarize the whole of

the relevant information supplied by a sample. This means that, in the process of
constructing a statistic, there should be no loss of information. This is perhaps the
most fundamental requisite in Fisher's theory. Let XI' ... ,xn be a random sample from the
density f(. .e) (where a may be a vector). If we define a statistic ':J as a function of the
random sample, ':J = t(xl, ... ,xn), then this is a sufficient statistic iff the conditional
distribution of XI' ... ,xn given ':J =t does not depend on a for any value t of ':J (see Mood
et al., 1974, p. 301; Cox and Hinkley, 1974, p. 18). This means that it makes no
difference if we use a sufficient statistic ':J = t(x I' ... ,xn) or X I' ... ,xn itself for
inference about a. Cox and Hinkley (1974, p. 37) base their 'sufficiency principle' for
statistical inference on this Fisherian construct. The econometric methodology of David
Hendry is very much in the spirit of this principle, as will be shown in Chapter 6, but
other approaches to econometric inference hold sufficiency in high esteem as well.
Sufficient statistics do not always exist (they do exist for the exponential family of
distributions, such as the Normal distribution). The Rao-Blackwell lemma states that
sufficient statistics are efficient. A statistic is minimal sufficient, if the data
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cannot be reduced beyond a sufficient statistic '5 without losing sufficiency. A further
reduction of the data will result in a loss of information.

In 1962, Birnbaum showed that the principle of sufficiency, together with the
principle of conditionality (see Berger, 1980, p. 31), yields the Likelihood Principle as
a corollary. This principle states that, given a statistical model with parameters e and
given data x, the likelihood function lee) = I(x Ie) provides all the evidence concerning
e contained by the data. Furthermore, two likelihood functions contain the same
information about e if they are proportional to each other (see Berger, 1980, pp. 27-33,
for further discussion). Fisher's theory of testing, discussed below, violates this
likelihood principle.

Ancillary statistic
If S is a minimal sufficient statistic for e and dimrS) > dim(e) then it may be the

case that we can write S=(T,C) where C has a marginal distribution not depending on e. In
that case, C is called an ancillary statistic, and T is sometimes called conditionally
sufficient (Cox and Hinkley, 1974, pp. 32-33). Ancillarity is closely related to
exogeneity (discussed in Chapter 6, Section 2.2.3; see Florens and Mouchart, 1985, pp.
19-20 for further details).

Information
The second differential of the logarithm of the likelihood function with respect to

its parameter(s) e provides an indication of the amount of information (information
matrix) realized at any estimated value for e (Fisher, 1956, p. 149). It is now usually
known as the Fisher-information. Normally, it is evaluated at the maximum of the
likelihood function. Fisher interprets the information as a weight of the strength of the
inference. The Cramer-Rae inequality states that (subject to certain regularity
conditions) the variance of an unbiased estimator is at least as large as the inverse of
the Fisher-information. Thus, the lower the variance of an estimator, the more
'information' it provides. I will come back to the use of Fisher's information in the
construction of non-informative priors in the next chapter.

Maximum likelihood
The likelihood function, perhaps Fisher's most important contribution to the theory

of probability, gives the likelihood that the random variables XI' X2, ... ,Xn assume
particular values XI' x2, ... ,xn' where the likelihood is the value of the density
function at a particular value of its parameters e. The method of maximum likelihood is
to choose the estimate for which the likelihood function has its maximum value. Fisher
argues that
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'no exception has been found to the rule that among Consistent Estimates, when
properly defmed, that which conserves the greatest amount of information is the
estimate of Maximum Likelihood.' (Fisher, 1956, p. 157)

In fact, the estimate that loses the least of the information supplied by the data
must be preferred (Fisher, op cit.).

Maximum likelihood has a straightforward Bayesian interpretation (choosing the mode
of the posterior distribution if the prior is non-informative). Wilson, cited in
Jeffreys, states that 'If maximum likelihood is the only criterion the inference from the
throw of a head would be that the coin is two-headed.' (Jeffreys, 1961, p. 383). But,
according to Jeffreys, in practical application to estimation problems, the principle of
maximum likelihood is nearly indistinguishable from inverse probability. Recent
investigations in time series statistics suggest that this is not true in general.

Significance test and P-value
An important notion for testing hypotheses is the P-value, invented by Karl Pearson

(1857 -1936) for application of the x2 goodness-of- fit test. If x2 is greater than some

preset level x~, then the tail-area probability P is called significantly smalI. The

conclusion is that, either the assumed distribution is wrong, or a rare event under the
distribution has happened. 'Student' took the same approach in the use of the r-test.
Fisher continues this tradition. In his wel1 known book, The design of experiments,
Fisher claims that the P-value is instrumental in inductive inference, and that

'the nul1 hypothesis is never proved or established, but is possibly disproved in
the course of experimentation.' (Fisher, 1935, p. 16)

An experimental researcher, therefore, should try to reject the null hypothesis, as this
is the source of inductive inference. The value of an experiment increases whenever it
becomes easier to disprove the nul1 (increasing the size of an experiment and replication
are two methods to increase this value of an experiment, replication is after all just
another way of increasing the sample size; Fisher, 1935, p. 22). It is important to note
that Fisher's approach not only differs from Popper's, in that Popper rejects all kinds
of inductive arguments, but also that Fisher's null hypothesis is usual1y not the
hypothesis which the researcher likes to entertain.

Another catch has been discussed by Harold Jeffreys. Using P-values for matters of
inference, implies that the decision is driven by observations that in fact are not
observed. According to Jeffreys, the P-value

'gives the probability of departures, measured in a particular way, equal to or
greater than the observed set, and the contribution from the actual value is
nearly always negligible. What the use of P implies, therefore, is that a
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hypothesis that may be true may be rejected because it has not predicted
observable results that have not occurred. This seems to be a remarkable
procedure.' (Jeffreys, 1961, p. 385, italics in original)

Jeffreys remarks anticipate the conclusion that inference based on P-values violates the
Likelihood Principle.

Fisher (1925) suggests to use significance levels of 1% or 5 % and offers tables for a
number of tests. They facilitate the communication of test results, but reporting a
P-value provides more information than reporting that a test result is significant at the
5 % level. Furthermore, Jeffreys' complaint about P-values applies equally well to
Fisher's significance points. Finally, Fisher does not give formal reasons for selecting
one rather than another test method for application to a particular problem which is a
considerable weakness as different test procedures may lead to conflicting outcomes.
Neyman and Pearson suggested a solution for this shortcoming (see below).

3.3 Fiducial inference

It is now time to consider Fisher's theory of inference. This is his theory of
fiducial probability. In contrast to the other contributions, the idea of fiducial
inference has never gained much support, primarily because of its obscurity. It may tum
out of interest for the interpretation of mainstream econometrics, however, because
econometricians might implicitly support the fiducial argument (rarely referring to it,
in most cases even not knowing it). Hence, it may figure as a possible way to validate
inductive interpretations of non-Bayesian empirical work in econometrics. In explaining
the fiducial argument, I will follow Lehmann (1986, pp. 225-230) in detail.

Consider a 95 % confidence interval for a random variable X which is normally
distributed as X-N(e,I):

X-1.96 < e < X+ 1.96.

The meaning of this confidence interval is that the random interval <X-I. 96, X+ 1.96 >
contains e with a probability of 95 per cent. In Fisher's view, e is not random, but X
is. This leads to a problem of interpretation, if a particular value x for X is observed,
say x = 2.14. Can we plug this value in, retaining the interpretation of a confidence
interval, i.e. is it justifiable to hold that in this case e lies with 95 % probability
between 0.18 and 4.1O? As long as e is not considered as a random quantity, the answer is
no. You cannot deduce a probability from non-probabilistic propositions. The Bayesian
solution is to regard e as a random variable. For inference, a prior probability
distribution is needed, which Fisher holds problematic in many (if not most) practical
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situations. Fisher's solution to the inference problem is to invoke a probabilistic
Gestalt switch, the fiducial distribution t/I(Y). Since X-a is distributed N(0,1), so is
a-X. The fiducial distribution of a is now defined as

for all y. (3.4)

Given a fixed X=x, and asserted that a is not random, Fisher assigns this probability
distribution to the non-random variable a. But P(a-X:5y) is not the same as P(a-x:5y).
There is no justification for the subtle change, and hence for the fiducial probability
function t/la(y).

Fisher considers his fiducial probability theory as a basis for inductive reasoning
if prior information is absent (see Fisher, 1956, p. 56, where he also notes that, in
earlier writings, he considered fiducial probability as a substitute for, rather than a
complement to, Bayesian inference).19 Jerzy Neyman instead holds that, in such a case,
statistics can only serve as a foundation for inductive behaviour, as the basis for
making decisions. The disagreement between the two statisticians is not just one of
different kinds of mathematical abstraction. Indeed, Fisher holds that his theory is the
natural one for a free society, whereas Neyman's either belongs to the world of commerce
or to that of dictatorship. In a critique of the behaviourist school (of Neyman, Pearson,
Wald and others), Fisher writes:

'To one brought up in the free intellectual atmosphere of an earlier time there
is something rather horrifying in the ideological movement represented by the
doctrine that reasoning, properly speaking, cannot be applied to lead to
inferences valid in the real world.' (Fisher, 1956, p. 7, see also 1956 pp. 100-
102 for a critique of Neyman-Pearson).

Fisher opposes the use of loss functions for the purpose of scientific inference:

'in inductive inference we introduce no cost functions for faulty judgements, for
it is recognized in scientific research that the attainment of, or failure to
attain to, a particular scientific advance this year rather than later, has
consequences, both to the research programme, and to advantageous applications of
scientific knowledge, which cannot be foreseen. In fact, scientific research is
not geared to maximize the profits of any particular organization, but is rather
an attempt to improve public knowledge' (Fisher, 1955, p. 77)

But can fiducial inference provide an alternative to the Neyman-Pearson methodology, on
the one hand, and explicit Bayesianism on the other one? It certainly is more like
Bayesian inference than like Neyman-Pearson methods. Fisher (1956, p. 51) remarks that

19 Fisher (1955, p. 69) defines induction as 'reasoning from the sample to the population
from which the sample was drawn, from consequences to causes, or in more logical terms,
from the particular to the general.' Fisher does not make a distinction between inductive
inference and inductive reasoning, but distinguishes his views from the theory of
inductive behaviour.



62 Part I. Probabilistic Inference

the concept of fiducial probability is

'entirely identical with the classical probability of earlier writers, such as
Bayes. It is only the mode of derivation which was unknown to them.'

Blaug (1980, p. 23), on the other hand, writes that fiducial inference is 'virtually
identical to the modern Neyman-Pearson theory of hypothesis testing.' This is a plain
mis-interpretation (although statisticians of name, like Bartlett, have argued that
fiducial distributions are like distributions that provide Neyman-kind of confidence
intervals; see Neyman, 1952, p. 230, for references). Fisher would turn in his grave if
he learned of this comment, as will be made clear in the next section on Neyman-Pearson
methods. Moreover, Neyman's (1977, p. 100) own vicious comment on the fiducial argument
is revealing: it is 'a conglomeration of mutually inconsistent assertions, not a
mathematical theory'. Neyman (1952, p. 231) is more restrained, but still Neyman
concludes that there is no relationship between the fiducial argument and the theory of

confidence intervals.
If fiducial inference is intended as an alternative to other ways of inference, it

has not been overwhelmingly successful. A rare reference to it is Koopmans (1937, p. 64),
who discusses exhaustive statistics and compares this to Neyman's confidence intervals.
He does not pursue the issue deeper and concludes that 'maximum likelihood estimation is
here adopted simply because it seems to lead to useful statistics.' (1937, p. 65).

The problem of a fiducial probability distribution is that it makes sense only to
those who are able to follow Fisher in the necessary Gestalt switch, and they are few.
Apart from this, there are numerous technical problems to extend the method to more
general problems than the one considered. Fiducial inference is at best controversial and
hardly, if ever, invoked in econometric reasoning. Summarizing, Fisher's theory of
inference is not a strong basis for econometrics, although a number of the more technical
concepts he introduced are very important and useful in other interpretations of

probability.

4. The Neyman-Pearson approach to statistical inference

In a series of famous papers, the Polish statistician Jerzy Neyman (1894-1981), who as a
matter of fact co-translated the first edition of Von Mises' German edition of Von Mises,
1957, and his English colleague Egon Pearson (son of Karl Pearson) developed an
operational methodology of statistical inference (Neyman and Pearson, 1928, 1933). It is
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intended as an alternative to inverse inference, and an elaboration of Fisher's methods
(although Fisher was not quite enthusiastic). Neyman and Pearson invented a frequentist
theory of testing, where the aim is to minimize the relative frequency of errors.

4.1 Inductive behaviour

Neyman and Pearson consider their theory as a one of inductive behaviour, instead of
a theory of inductive reasoning or inference. Behaviourism was the dominant school of
thought in psychology during the 1920s till the 1940s. I have no evidence on a direct
influence of the behaviourists' program (shaped by Ivan Pavlov, and in particular by John
B. Watson, during the beginning of this century) on the views of Neyman-Pearson, but
there are some interesting links. Neyman and Pearson

'are inclined to think that as far as a particular hypothesis is concerned, no
test based upon the theory of probability can by itself provide any valuable
evidence of the truth or falsehood of that hypothesis.
But we may look at the purpose of a test from another view-point. Without hoping
to know whether each separate hypothesis is true or false, we may search for
rules to govern our behaviour with regard to them, in following which we insure
that, in the long run of experience, we shall not be too often wrong.' (Neyman
and Pearson, 1933a, pp. 141-142)

They hold inference as a decision problem where the researcher has to cope with two
possible risks: rejecting a true hypothesis, a so-called Type I error, and accepting a
false one, a Type II error (Neyman and Pearson, 1928). Only in exceptional cases it is
possible to minimize simultaneously both types of error. Neyman-Pearson (1933a, p. 146)
wonder whether it is more serious to convict an innocent man or to acquit a guilty.
Mathematical theory can only help in showing how the risks can be controlled and
minimized. Usually, the Type I error is considered to be the more serious one (although
this is certainly not always the case: testing unit roots, whatever may be their
significance, is an example where in the frequency approach the Type II error will be far
more dangerous than the Type I error). In practice, the Type I error is taken at an a

priori low level, most often Fisher's 5 or 1 per cent. This is the significance level, IX.

Given IX, it is Neyman-Pearson's goal to find a test that is most powerful, that is,
minimizes the type II error. An optimum test is a uniformly most powerful test, given
significance level IX.

The Neyman-Pearson methodology is the first one, in the statistical literature, that
takes explicit account of the alternatives against which a hypothesis is tested. Without
specifying the alternative hypothesis, it is not possible to study the properties (in
particular, the power) of a test. In that case, one cannot know when a test is optimal
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(has maximum power, given 0:; see also Neyman, 1952, pp. 45 and 57). This seems to be an
important step ahead, but Fisher is not impressed.

'To a practical man, also, who rejects a hypothesis, It IS, of course, a matter
of indifference with what probability he might be led to accept the hypothesis
falsely, for in his case he is not accepting it.' (Fisher, 1956, p. 42)

Let us consider whether the indifference of Fisher'S practical man is justified.

4.2 The Neyman-Pearson lemma

The goal of Neyman and Pearson (1933a) is to find efficient tests of hypotheses based
upon the theory of probability, and to define what is meant by this efficiency. They
already conjectured in 1928 that a likelihood ratio test would provide the criterion
appropriate for testing a hypothesis (Neyman and Pearson 1928). They showed that the
likelihood ratio principle serves to derive a number of known test, such as the x2 and
the t-test. The Neyman-Pearson lemma (1933a) does the job of proving the conjecture that
these test have certain optimal properties.

The efficiency of a testing procedure is formulated in the properties of the critical
region. Alternative tests distinguish themselves by providing different critical regions.
An efficient test picks out the best critical region, that is the region where, given the
Type I error, the Type II error is minimized. If more test procedures satisfy this
criterion for efficiency, then the uniformly most powerful test should be selected (if
available).

If Ho is the null hypothesis, and HI the alternative hypothesis, then (in Neyman and
Pearson's 1933a, p. 142, terminology) Ho and HI define the populations of which an
observed sample XI ,x2, ... ,xn has been drawn. Further, Po(xt ,x2, ... ,xn) is the probability
given Ho of the occurrence of event with XI ,~, ... ,xn as its coordinates (a currently
more familiar notation is p(x I 80), where 80 denotes the parameterization under Ho). The
probability that the event or sample point falls in a particular critical region w is (in
the continuous case)

(3.5)

Similar definitions apply to the alternative distribution under Ho. The optimum test is
defined as the critical region w satisfying

(3.6)
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and

Pl(W) = maximum. (3.7)

Neyman and Pearson (1933a) prove that such an optimum test exists in case of testing
simple hypotheses (testing 9=90 against 9=91) and is provided by the likelihood ratio
statistic A:

PO(X1 h,··· ,Xn)

Pl(X1 ,X2,··· ,Xn)
(3.8)

According to the Neyman-Pearson lemma, the likelihood ratio statistic provides an optimal
critical region, i.e. given a significance level a, it optimizes the power of the test.
The theory of Fisher does not provide an argument for selecting a best critical region
(an optimal test). In this sense, the theory of Neyman and Pearson is an important
improvement of Fisher's. It provides an extra argument for the application of maximum
likelihood, and shows that sufficient statistics contain all relevant information for
testing (simple) hypotheses. Neyman and Pearson note that testing composite hypotheses is
slightly more complicated. For testing composite hypotheses (for example, testing 9 = 90
against 9> 90), a uniformly most powerful test (one that maximizes power for all
alternatives 91> 90) exists if the likelihood ratio is monotonic (one parameter
exponential distribution families belong to this class, see also Lehmann, 1986, p. 78).
In case of multi-parameter problems, a uniformly most powerful test typically does not
exist. By imposing additional conditions, one may find UMP tests within this restricted
class of tests. An example is the class of unbiased tests (Mood et al., 1974, p. 425).

4.3 Comments

Above, I already noted that Fisher is not happy with the Neyman-Pearson methodology.
One reason is the difference between gathering scientific knowledge, and increasing
cognition, versus the making of decisions. Personal rivalry between Fisher and Pearson
(who worked in the same country, the same city, the same building, only on different
floors of University College) added much to the controversy. In his methodological
testament, Fisher concludes that

'It is to be feared, therefore, that the principles of Neyman and Pearson's
"Theory of Testing Hypotheses" are liable to mislead those who follow them into
much wasted effort and disappointment, and that its authors are not inclined to
warn students of these dangers.' (Fisher, 1956, p. 88)
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Fisher has sound arguments for rejection of applying the behaviourism of Neyman-Pearson
to the pursuit of scientific knowledge. I will come back to this point in the next
chapter, but we may already ask, Is the behaviouristic interpretation appropriate for
econometrics? Many empirical papers in the economic journals do not deal explicitly with
the behaviour of the researcher or policy maker whom he advises. The risks of making a
wrong decision is not further evaluated, its monetary or utilitaristic implications
rarely discussed. Even in cases where risks are appropriately evaluated, the Neyman-
Pearson approach is not always the optimal one. Bayesian decision theory is a strong
rival to the Neyman-Pearson approach.

Less persuasive is Fisher's argument against the relevance of power and errors I and
II (his opposition was partly emotional, and indeed Fisher used a similar but
mathematically less well defined notion: sensitivity; see also Fisher, 1925/1973, p. 11
fn.). Neyman and Pearson were quite right to investigate the efficiency of alternative
statistical tests. If decision making is hampered by conflicting test results, which are
due to using a number of alternative but equally valid tests, the selection of the most
efficient test helps to be relieved from the fate of Buridan's ass. On the other hand,
Fisher's motivation for his opposition, i.e. that in many cases alternatives are not well
defined (and certainly not restricted to specific parametric classes such as in Neyman-
Pearson methods) may be perfectly justified in specific practical situations. Fisher
would rather prefer robust tests than Uniformly Most Powerful tests.

An inevitable weakness of the Neyman-Pearson theory (acknowledged by its inventors)
as well as its precursors, is the arbitrariness of the criterion for choosing or
rejecting a hypothesis. If the convention of applying a significance level of 0.01 or
0.05 is followed, then Lindley's 'paradox' shows that with growing sample size, any
hypothesis will be rejected.20 As a matter of fact, econometricians tend to ignore the
notion that the significance level should vary with sample size: macro-econometric
studies using a time series of observations spanning 30 years and micro-econometric
studies reporting statistics of cross sections consisting of 14,000 observations often
report tests using the same 0.01 or 0.05 significance levels (see also the evidence in

Keuzenkamp and Magnus, 1994).
The Neyman-Pearson methodology has been criticized by Donald McCloskey (1985) as an

example of statistical rhetoric. This critique has been anticipated (and, in fact, better

phrased) by Fisher:

20 For any level of significance a, and for any non-zero prior probability of a hypothesis
p(ho)' there is always a sample size n such that the posterior probability of the
hypothesis equals I-a. Thus, a hypothesis that has strong a posteriori support from a
Bayesian perspective, may have very little support from a Fisherian point of view. Shafer
(1982) discusses the 'paradox' from a range of philosophical perspectives. See also the
comment of Hill on that paper, and Chapter 6, Section 2.2.4 below.
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'An acceptance procedure is devised for a whole class of cases. No particular
thought is given to each case as it arises, nor is the tester's capacity for
learning exercised. A test of significance on the other hand is intended to aid
the process of learning by observational experience. In what it has to teach each
case is unique, though we may judge that our information needs supplementing by
further observations of the same, or of a different kind. To regard the test as
one of a series is artificial; the examples given have shown how far this
unrealistic attitude is capable of deflecting attention from the vital matter of
the weight of the evidence actually supplied by the observations on some possible
theoretical view, to, what is really irrelevant, the frequency of events in an
endless series of repeated trials which will never take place.' (Fisher, 1956,
pp. 99-100)

Finally, the standard methodology pays lip service to the Neyman-Pearson methodology,
without explicating the losses that will result from decisions, and without the
adaptation of Neyman and Pearson's framework of repeated sampling.

4.4 Neyman-Pearson and methodological falsificationism

Ronald Giere (1983) uses a decision theoretic framework very similar to the Neyman-
Pearson methodology (without ever mentioning Neyman and Pearson) for a theory of testing
theoretical hypotheses in a hypothetico-deductive method. But Giere acknowledges that
science does not always necessitate making practical decisions, in particular if the
evidence is not conclusive. A decision making approach for testing scientific theories
should, therefore, be accompanied by a theory of satisficing (a la Simon). This
satisficing approach enables the scientist to withhold judgement, if the risk of error is
valued higher than the necessity to make a decision. The 'institution of science' decrees
the satisfaction levels (they may differ in different disciplines). Although Giere's
approach has the merit of being non-dogmatic, it seems to lack clear guidelines. In
chapters 4 and 9, I will come back to the notion of satisficing in a discussion of the
theory of bounded rationality.

Lakatos is less reserved on the merits of the Neyman-Pearson methodology. According
to Lakatos, the Neyman-Pearson methodology in statistics is directly related to the
conjecturalist strategy in philosophy of science:

'Indeed, this methodological falsificationism is the philosophical basis of some
of the most interesting developments in modern statistics. The Neyman-Pearson
approach rests completely on methodological falsificationism.' (Lakatos, 1978, p.
25n)

Note, however, that the Neyman-Pearson approach to statistics has the purpose to guide
behaviour, not inference. It also predates Popper's Logik der Forschung (first German
edition, 1934). Popper certainly does not support behaviourism:
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'Connected with, and closely parallel to, operationalism is the doctrine of
behaviourism, i.e. the doctrine that, since all test-statements describe
behaviour, our theories too must be stated in terms of possible behaviour. But
the inference is as invalid as the phenomenalist doctrine which asserts that
since all test-statements are observable, theories too must be stated in terms of
possible observations. All these doctrines are forms of the verifiability theory
of meaning; that is to say, of induction.' (Popper, 1963, p. 62)

It is, therefore, no surprise that Popper does not refer to the Neyman-Pearson
methodology as a statistical version of his methodology of falsificationism. His
reluctance to even mention Neyman and Pearson is not 'one of those unsolved mysteries in
the history of ideas' (as Blaug, 1980, p. 23, asserts), but is the consequence of
Popper's strict adherence to methodological falsificationism.

Neyman-Pearson methodology in practice, finally, is vulnerable to a possible abuse on
which the different Neyman-Pearson papers do not comment: data mining. It is implicitly
assumed that the hypotheses are a priori given, but in the case of many applications
(certainly in the social sciences and econometrics) this assumption is not tenable. The
power of a test is not uniquely determined as soon as the test is formulated after an
analysis of the data. Instead of falsificationism, this gives way to a verificationist
approach under the name of Neyman-Pearson. The issue of data mining will be discussed in
Chapter 6.3. I will now tum to Popper's own ideas concerning probability.

5. Popper on probability

A good account of probability is essential to the practical relevance of methodological
fallibilism (see Popper, 1959, p. 146, cited in Chapter 1). I will discuss whether Popper
has been able to meet this challenge.

Popper (1959, p. 146) distinguishes two kinds of probability: related to events and
related to hypotheses. This mirrors the distinction between realist and cognitive
interpretations of probability. The first is discussed in a framework similar to Von
Mises' frequency theory, the second is epistemological, and belongs to the realm of
corroboration theory. Popper (1959, p. 257, criticizing Reichenbach) argues that under no
circumstances a probability of a hypothesis can be translated into a statement about the
probability of events. Reichenbach seems to identify the probability of a hypothesis with
a probability of a statement to a probability of an event. This cannot be true, as the
only mapping between the probability of hypotheses and events runs via conditional
probability or Bayes' theorem. As a consequence, a degree of corroboration of a
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hypothesis is not a probability. Other authors (like Von Mises) would argue that, only in
cases where prior probabilities are lacking (which may be many), such inference is
impossible, and a reflection on Bayes' theorem shows that the radical proposition of
Popper is untenable.

5.1 Popper and objective probability

I will first discuss Popper's view on the probability of events. Popper (1959)
provides a theory that is an effort to improve the theory of Von Mises'. 21 Popper wants to
eliminate Von Mises' convergence condition, and to weaken the principle of randomness
because of weaknesses in Von Mises' theory which were discussed above (Popper, 1959, p.
146). Popper's problem with Von Mises' collectives is that they are defined for infinite
sequences, whereas Popper is interested in the randomness of observable, finite
sequences. Popper's struggle with a number of alternative axiom systems has not led to
satisfactory improvements.22 Still, in 1935, Popper gave a presentation at Karl Menger's
mathematical colloquium in Vienna on this issue. Abraham Wald was one of the attendees
(other participants included Godel and Tarski) and, after hearing Popper, became
interested in the problem. This resulted in a famous paper in which Wald proves the
existence of a slightly stronger definition of collectives (see also Menger, 1952).

According to Popper (following Von Mises), probability does not result from lack of
knowledge, but is a feature of nature. On this ground, Popper attacks idealist theories
of probability, in particular the logical theory of Keynes' (discussed in Chapter 4.2).
As I will show later, the logical theory is not without problems, but Popper's arguments
against it are not strong. Two examples, taken from Popper's Realism and the Aim of
science (1983), may give an impression of the power of Popper's argument.

The first example (Popper, 1983, p. 294) deals with Kepler's first law, which in
logical form consists of the two statements: a. x is an ellipse, and b. x is a planetary
orbit.23 Kepler's conjecture (in probabilistic terms) is that Piaib) = 1. This is the same

21 Popper met Von Mises on several occasions in Vienna (see Popper, 1974, Ch. 20). Popper
claims 'As to the frequency interpretation, I feel confident that I have succeeded in
purging it of all those allegedly unsolved problems which some outstanding philosophers
like William Kneale have seen in it.' (Popper, 1982, p. 68).
22 Popper (1959, p. 361) notes that, in the period passing between the publication of the
original German edition (1935) and the English edition, he moved from the frequency
interpretation to the measure theoretical interpretation, primarily to facilitate the
formulation of his propensity theory. Therefore, the addenda to Von Mises loose their
significance.
23 In 1734, Daniel Bernoulli won a prize at the French Academy with an essay on the
problem of planetary motion. The problem discussed is whether the near coincidence of
orbital planes of the planets is due to chance or not. Bernoulli's analysis is one of the
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as to say that all planetary orbits will be ellipses. Now Popper identifies this
statement with an observed (empirical) frequency, which he calls a probability. On the
other hand, the logical probability (or 'logical frequency') of such a statement will be

equal to zero given the infinity of alternative logical possibilities (see also Popper,
1959, p. 373). In other words, Popper claims that the prior probability of a conjecture
is zero, whereas the 'true', frequentist probability is nearly equal to one. Because of
the apparent contradiction, Popper rejects the logical probability propositions.

But are prior probabilities necessarily equal to zero? This is not the case. A
probability is not just a number, but like time and heat can only be measured with
reference to a well specified reference class. A molecule is big compared with a quark,
but may be small relative to Popper's head. Similarly, a particular theory is not
probable in itself, but more (or less) probable than a rival theory. Knowing this, an
investigator may say that it is, a priori, equally probable that orbits are squares or
circles. This would assign a prior probability of one half to the square theory versus
one half for the circle theory. Combining these prior probabilities with data will result
in a posterior probability, and I dare conjecture that the circle theory out performs the
square theory rather quickly. A next step, to improve the fit of a theory with the
observations, is to introduce a refinement, say the ellipsoidal theory. Again, the data
will dominate the prior probabilities quickly. This is how, in a simplistic way,
probability theory can be applied to the appraisal of theories without paradox.

The validity of this appraisal depends, admittedly, on the acceptance of Savage's
conception of small worlds, or alternatively, on the Jeffreys- Wrinch simplicity postulate
(see Jeffreys, 1961; I will discuss simplicity in Chapter 6.4). If, however, we accept
Popper's claim that the number of possible and presently relevant conjectures is
infinite, then another puzzle should be solved: how is it possible that scientists come
up with conjectures that are not too much at odds with the observed data? Popper does not
provide an answer to this question.

Let me consider a second example of Popper's understanding of probability. Popper
designs a game, to be played between a frequentist Popperian and an inductivist. It is
called Red and Blue, and the Popperian will almost certainly win (Popper, 1983, pp. 303-
305). The idea is that one tosses a coin, wins a dollar if heads turns up, or loses with
tails. Now repeat the game indefinitely, and look at the total gains. If they are zero or
positive, they are called blue, red if negative. At the first two throws, the player
loses and from then on plays even. The game is continued 10,000 throws, the last throw
brings him exactly on the borderline between red and blue. Now, according to Popper, the
inductivist would gamble ten thousand to one that the next throw would keep him in the
red zone, whereas the keen Popperian frequentist would gratefully accept this offer (or

first efforts to practice statistical hypothesis testing.
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any offer with odds higher than one to one).
It is obvious that this game is flawed and surpnsmg that Popper dares to use this

as an argument. The trick is that, implicitly, Popper gives the frequentist knowledge of
the structure of the game, or data generating process if one likes, whereas this
information is hidden from the inductivist. The argument would collapse at the moment
that information is distributed evenly. It cannot be used as an argument against
inductivism, except if Popper would agree that in scientific inference, the frequentist
knows the structure of the data generating process beforehand. The problem in science, of
course, is that this structure is unknown and has to be inferred from data.

Other objections of Popper to the subjective probability theory can easily be
dismissed. As the last example, I will mention Popper's 'paradox' that, according to the
subjective view, tossing a coin may start with an a priori probability of heads of 112,
and after 1,000,000 tosses of which 500,000 are heads, ends with an a posteriori
probability of 112 as well, which 'implies' that the empirical evidence is irrelevant
information (popper, 1959, p. 408). This means, according to Popper, that a degree of
reasonable belief is completely unaffected by accumulating evidence (the weight of
evidence), which would be absurd. It is, of course, and it is an absurd or malicious
interpretation of subjective probability to identify a posterior distribution with a
posterior mean.

5.2 The propensity theory of probability

After writing the Logic of Scientific Discovery, Popper succumbed to the temptation
of Von Mises' forbidden apple, the probability of single events. Popper wants to be able
to study specific events related to the decay of small particles in quantum theory (see
Popper, 1982, pp. 68-74). Von Mises refuses to discuss a question like 'what is the
probability that a particular atom will decay today' and is only willing to make
probabilistic assertions about mass phenomena.

The propensity theory is an extension of the indifference theory, with a distant
flavour of the frequency theory. A propensity is a (virtual) relative frequency which is
a physical characteristic of some entity (Popper, 1982, p. 70). A propensity is also
interpreted as an (objective) tendency to generate a relative frequency (p. 71). As such,
it is an a priori concept, although Popper argues that it is testable by comparing it to
a relative frequency. But then the 'collective' enters again, and it is unclear how the
outcome of one single event (for example, throwing heads) can be related to the long run
frequency of throws. The meaning of testing is very unclear.

According to Popper, small particles have an intrinsic probabilistic nature that lets
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them either decay or not decay. This fundamental randomness is one of the foundations of
indeterminacy and, hence, a non-mechanistic world (or 'open society'). This underlies the
theory of a free will (but is also used to attack 'subjective' probability theory).

The propensity theory is devised for analyzing physical qualities, in particular in
quantum mechanics. It has not been very successful for this analysis (see Howson and
Urbach, 1989, pp. 223-225, for discussion and references). Its relevance for the social
sciences, in particular econometrics, is small, except if men's desires are based on
inalienable physical characteristics. Popper did not claim that the theory should be of
interest for the social sciences, and in fact, he was not interested in discussing his
views on probability with the probability theorists and statisticians at LSE.24 Hunger may
be a physical stimulus to eating, but the choice between bread or rice cannot be
explained in such terms. Finally, Salmon (1989, pp. 86-88) notes that propensities are
best understood as probabilistic causes. But propensities do not make sense as inverse
probabilities, because that conflicts with notions of causality.

Summarizing, Popper's views on probability do not add useful insights to other
'objective' theories of probability. Reading his sequence of changing interpretations of
probability is a hassle. If methodological falsificationism must have probabilistic
underpinnings (as Popper acknowledges), then the best we can do is to accept either
Fisher's theory of inference, or the theory of Von Mises as a stand in for Popper's own
views.

5.3 Corroboration and verisimilitude

A methodological theory that pretends to separate the wheat from the chaff needs a
method of theory appraisal. According to Popper, probability theory will not do.
Falsifications count, whereas verifications are almost meaningless-probability theory
(so it is asserted) cannot take care of this asymmetry. This raises two questions: first,
what to do if two theories are as yet both unfalsified, second, what to do if both are
falsified. Popper's answer to the first question is to invoke the degree of
corroboration, a hybrid of confirmation and content, discussed in Popper (1959). The
second question is the source of Popper's later ideas on closeness to the truth. I will
first discuss corroboration.

A theory is said to be corroborated as long as it stands up against tests. Some tests

24 Denis Sargan (discussion with the author, 1 December 1992). See also De Marchi (1988,
p. 33) who notes that Popper was not interested in discussions with LSE economists, as
they smoked and Popper did not. Later on, Lakatos did try to get in touch with the LSE
statisticians, but by then, according to Sargan, they had lost their appetite.
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are more severe than others, hence there are also different degrees of corroboration. The
severity of tests depends on the degree of testability, and that, in its turn, depends on
the simplicity of the theory. The simpler a theory is, the lower its a priori (logical)
probability. The corroborability of a theory, and the degree of corroboration of a theory
which has passed severe tests, stand in inverse ration to the logical probability
(Popper, 1959, p. 270), but is positively related to a degree of confirmation (the two
make a hybrid which lead at times to a muddle in Popper's argument, and also has led to
unnecessary arguments with Carnap-see Chapter 4.2 for a discussion of Carnap's views).
Popper denotes the degree of confirmation of hypothesis h by evidence e by C(h,e).

What is the relation to the probability P(h Ie)? Popper (1959, pp. 396-397) argues
that C(h,e)oFP(hIe). I will not interfere with his argument, but discuss how Popper wants
to measure C(h,e). In a footnote to the main text of his book, Popper acknowledges that

'It is conceivable that for estimating degrees of corroboration, one might find a
formal system showing some limited formal analogies with the calculus of
probability (e.g. with Bayes's theorem), without however having anything in
common with the frequency theory [of Reichenbach), (Popper, 1959, p. 263)

The (later written) appendix of the Logic goes in this direction, by endorsing (with a
few addenda) an information-theoretical definition (information theory dates back to the
work of C.E. Shannon and Norbert Wiener in 1948; see Maasoumi, 1987, for discussion and
references; see also Chapter 4.4):

C(h,e) = log2(P(eI h)IP(e». (3.9)

A good test is one that makes Pee) small, and P(elh) (Fisher's likelihood) large.
Popper's discussion is problematic, as he interprets e as a statistical test report
stating a goodness of fit. This cannot be independent of the hypothesis in question,
however. Popper (1959, p. 413) finally links his measure of corroboration directly to the
likelihood function. After much effort, we are nearly back to the dilemma's of Fisher's
theory. The essential distinction with Fisher is Popper's emphasis that

'C(h,e) can be interpreted as a degree of confirmation only if e is a report on
the severest tests we have been able to design.' (Popper, 1959, p. 418).

That is, Popper invokes the goal of tests for the interpretation of the results, to
exploit the asymmetry between falsification and verification. If two theories are
falsified, then we need additional criteria which may be found in the later developed
theory of verisimilitude.

A confirmation of a highly improbable theory, one which implies a low Pee), adds much
to the degree of corroboration. That appeals to common sense (although Popper seems to

confuse Pee) and P(h) in his discussion of 'content', e.g. 1959, p. 411). But should we,
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therefore, do as much as possible to formulate theories with as low as possible a priori
logical probabilities? Is, in the words of Levi (1967, p. 111), the purpose of inquiry to
nurse our doubt and to keep it warm?

Popper's plea for theories with low a priori logical probability, P(h) small, is not
convincing. For one thing, the logical probability of theories is hard to estimate.
Popper asserts that an increase in the simplicity of a theory leads to lower logical
probability. This claim is not well founded. Simplicity of hypotheses may be very useful,
but some of the most effective scientific theories of this century (relativity, string
theory) are not quite simple. If we really want to establish logical prior probabilities,
then we enter in the maze of Keynes and Camap, authors that received most of Popper's
critical fire because of their efforts to analyze prior logical probabilities.

The most sympathetic way to interpret Popper is to regard his degree of corroboration
as the gain of information, which a test may bring about. Then the goal of scientific
inference is not to search for highly a priori improbable theories, but to gain as much
information as possible. Counting another raven to corroborate the hypothesis that all
ravens are black does not add much information and is, for sake of scientific progress,
not very helpful and a rather costly way to corroborate the theory that all ravens are
black. Systematically confirming a prediction of an highly disputed theory, on the other
hand, is worth its effort.

Furthermore, in statistical analysis, some supporters of the frequency theory of
probability would argue that one should not at all make a hypothesis as simple as
possible to start with, because it is likely that this results in a mis-specification
which invalidates statistical test results (see Chapter 6.2).

In Popper (1963, Ch. 10), a new concept to his theory of scientific inference is
added in order to discuss matters of progress in science. Most scientists agree that
empirical theories can never claim to have reached a state of perfectness or truth. But
we do know that Newton's theory provides a better approximation to observable facts than
Keppler's. Popper's new idea is the concept of the verisimilitude of a theory, a
combination of closeness to the truth (empirical accuracy) and the content of a theory.
The definition Popper (1963, p. 233) gives seems very appealing: a theory is closer to
the truth than another one if the first has more true, and less false consequences than
the latter. It seems that this criterion satisfies Lakatos' demand for a 'whiff of
inductivism', to study scientific progress as a sequence of improvements rather than
once-and-for-all crucial tests. However, simple as the definition of verisimilitude is,
it is untenable because it has been proven (by David Miller and independently by Pavel
Tichy, in 1974) that false theories will be indistinguishable by their verisimilitudes
(see for discussion Watkins, 1984; Kuipers, 1987). A false theory (one with at least one
false consequence) can never be closer to the truth than another false one. As no
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empirical theory (model) is perfectly faultless, this leads to the extreme skepticism of
which Russell accuses the early Greek skeptics. I will sketch the argument as it is

summarized in Watkins (1984).
The basic idea behind verisimilitude is to study scientific progress if we know that

theories are not perfectly true. A progression from a hypothesis h, to a stronger
hypothesis ~ (where stronger means an increase in content) implies an increase in
verisimilitude (i.e. is closer to the truth, symbolized by ~ >T h1) unless the falsity

content of ~ is also larger than that of h., The truth content of am hypothesis is given

by hit' the falsity content by hi[ Thus, ~ > T n, if and only if

(3.10)

or if

(3.11)

Let us consider the first case, where hl{h2t holds strictly. Now ~ will have at least

one true consequence, t2, which is not a consequence of h., Since 112 is a progression,
but still false, it has at least one false consequence 12 as well. The conjunction
(t/'12) is false as well, hence (t/'12)E h2(" But (t/'12) cannot be a consequence of h,

(the truth of a consequence does not depend on the hypothesis, and it was assumed that t2
is not an element of h1t). Hence, ~fhl1 and, therefore, h2 has no more verisimilitude

than h1: h2:j> h1• A similar proof can be given for the second case. I will come back to
T

these arguments in Chapters 6 (Section 2.5) and 8 (Section 2.3.3), where the theory of

encompassing is analyzed.
A second problem of verisimilitude, which only is problematic if one rejects all

forms of induction (as Popper does) is that it brings in induction via the back door, at
least, if verisimilitude is supposed to be measurable. If it is not, then it is devoid of

empirical meaning.

6. Summary

It is now time to evaluate the usefulness for econometric inference of different
interpretations of probability given so far. The (early formulation of the) indifference
theory is generally rejected as a foundation for scientific inference in general and
econometric inference in particular. Its relative, the propensity theory, is also of
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little use for econometrics. In contrast, the frequency interpretations, presented in
this chapter, are widely accepted by econometricians. They are not bothered by the
circularity of the frequency definition of probability.

Mainstream econometric methodology (as defined by the core chapters of textbooks like
Chow, 1983; Johnston, 1984; Maddala, 1977) is a blend of Von Mises', Fisher's and Neyman-
Pearson's ideas. This blend embraces the frequency concept of Von Mises, his emphasis on
objectivity, and asymptotic arguments. The conditions that warrant application of Von
Mises' theory (convergence and randonmess) are rarely taken serious, however. The blend
further relies heavily on Fisher's box of tools, and sometimes takes his hypothetical
sample space seriously (see, for example, the discussion of Tjalling Koopmans and Trygve
Haavelmo in Chapter 5 below). A careful consideration of Fisher's essential concept of
experimental design is usually not made.

For the purpose of scientific inference in the context of non-experimental data, this
blend provides weak foundations. The Neyman-Pearson approach is not attractive, as
decision making in the context of repeated sampling is not even metaphorically
acceptable. The frequentist highway to truth, paved with facts only, is still in need of
a bridge. Not even a bridge to probable knowledge can be given though. The one, proposed
by Fisher, has a construction failure, and is justly neglected in econometric textbooks
and journals alike. Still, many empirical results that correspond to good common sense
are obtained using the methods of Fisher and, perhaps, Neyman-Pearson.

Why are these methods so popular, if they lack sound justification? A pragmatic
explanation probably is the best one. Fisher's maximum likelihood works like a
'jackknife' :

'the working statistician can apply maximum likelihood in an automatic fashion,
with little chance (in experienced hands) of going far wrong and considerable
chance of providing a nearly optimal inference. In short, he does not have to
think a lot about the specific situation in order to get on toward its solution.'
(Efron, 1986, p. I)

Similarly, one of the strongest critics of Fisher's approach, Jeffreys (1963, p. 393),
disagrees on the fundamental issues but reassures that there rarely is a difference on
actual decisions reached, where Fisher and he study the same problem. Bad justifications
do not prevent reasonable inference.

Alea jacta est. But economic agents do other things than throwing dice. Perhaps the
appropriate method of inference, although probabilistic, will be different in kind from
the view based on observed frequencies such as throws of dice. Let us, therefore, cross
our Rubicon, and move on to the bank of epistemological probability.



Chapter 4

PROBABILITY AND BELIEF

Probability does not exist.
Bruno de Finetti (1974, p. x).

1. Introduction

Probability dealing with knowledge and rational belief rather than events has its roots
in the work of Bayes and Laplace. Laplace is interested in the 'probability of causes',
inference from events E to hypotheses H, P(H IE). It is known as inverse probability,
opposed to direct probability (inference from hypothesis to events, peE IH). Inverse
probability is part of epistemology, the philosophical theory of knowledge and its
validation. The acquisition of knowledge, and the formulation of beliefs, are studied in
cognitive science. Of particular interest is the limitation to our cognitive faculties.
In this chapter, the epistemological approaches to probability are discussed.

The unifying characteristic of the different interpretations of epistemological
probability is the emphasis on applying Bayes' theorem in order to generate knowledge.
All interpretations in this chapter are, therefore, known as Bayesian. Probability helps
to generate knowledge, it is part of our cognition. It is not an intrinsic quality that
does exist independently of human thinking. This is the message of the quotation of De
Finetti, featuring as the epigraph to this chapter: probability does not exist.
Probability is not an objective or real entity, but a construct of our minds.

Below, I will discuss the theory of logical probability, due to Keynes and Carnap
(Section 2), and personalistic probability theory (Section 3). Subsequently, I will
discuss how to construct prior probabilities. Section 5 summarizes the arguments.

2. Logical probability

The logical interpretation of probability is to consider probability as a 'degree of
logical proximity' or, alternatively, as a method to assign truth values other than zero
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or one to propositions for inference of partial entailment. The numbers zero and one
figure as extreme cases. A probability of zero indicates impossibility, a probability
equal to one indicates the truth of a proposition. A probability strictly larger than
zero but smaller than one gives the proposition an intermediate truth value.

John Maynard Keynes (1883-1946) belongs to the founders of this school-the
publication of the Treatise on Probability (1921) was one of the most important events in
the history of probability theory, and induction (Russell, 1927 , p. 280, writes that
Keynes provides by far the best examination of induction known to him). Rudolf Carnap,
Jaakko Hintikka and Richard Jeffrey continued research in the theory of logical
probability. I will first discuss Keynes' contribution.

2.1 Keynes' theory of probability

2.1.1 A branch of logic
Keynes regards probability theory, like economics, as a branch of logic. It is

important to note that this logic is not the formal logic of Russell and Whitehead, but a
more intuitive logic set up for practical conduct (see Carabelli, 1985). Still, the
formulation of Keynes' probability theory is one of a theory of rational belief,
constrained by a set of axioms)

The logical view of Keynes provides a basis for attacks on the indifference and the
frequency theory of probability. In Keynes' eyes, they too often conceal the fundamental
problems of scientific inference in highly mathematical language. At various places, he
criticizes those statisticians who prefer 'algebra to earth'. As we will see (in Chapter
5), the same critique is directed to Jan Tinbergen, nearly thirty years after the
publication of the Treatise.

The logical theory uses the word probability primarily for reference to the truth of
sentences, or propositions, a and h. The occurrence of events is of interest only,
insofar the probability of the occurrence of an event can be related to the truth of the
proposition that the event will occur.2 A relative frequency is, therefore, not identical
to a probability, although it may be useful in deriving a probability (Harold Jeffreys,
1961, p. 401, provides a fine analogy-physicists once described atmospheric pressure in

1 Carabelli (1985) argues that Keynes' intuitionism makes his probability theory anti
rationalistic, and his logicism makes his theory anti empirical. I do not concur in these
views. It is better to interpret Keynes' theory as one of bounded rationalism.
2 When Keynes wrote the Treatise, 'events' were not yet well defined. Therefore, Keynes
argues that it is more fruitful to study the truth and probability of propositions
instead of the vague and ambiguous occurrence and probability of events (Keynes 1921, p.
5). Ten years later, Kolmogorov (1933) clarified this issue, by defining events as
subsets of the sample space (see Chapter 2, section 2).
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tenus of millimeters, without making pressure a length). Probability is a rational degree
of belief.

A noteworthy axiom of Keynes' system is his first one:

'(i) Provided that a and h are propositions or disjunctions of propositions, and
that h is not an inconsistent conjunction, there exists one and only one relation
of probability P between a as conclusion and h as premiss. Thus any conclusion a
bears to any consistent premiss h one and only one relation of probability.'
(Keynes, 1921, p. 146)

This axiom expresses what Savage (1954) calls the necessary view of probability, which
Savage assigns to Jeffreys as we1l3,4 In this sense, Keynes' theory is an objective one,
as he already makes clear in the beginning of his book:

'in the sense important to logic, probability is not subjective. It is not, that
is to say, subject to human caprice. A proposition is not probable because we
think it so. When once the facts are given which determinate our knowledge, what
is probable or improbable in these circumstances has been fixed objectively, and
is independent of our opinion.' (Keynes, 1921, p. 4)

This objective or necessary view has been criticized by Frank Ramsey, who defends a
strictly subjective, or personalistic, view of probability (which is partly accepted by
Keynes in 1931-see Keynes, 1933, p. 339).5 Despite the late and only partial conversion
to the personalistic view, Von Mises (1957 p. 94) calls Keynes 'a persistent
subjectivist'. Von Mises' reading of Keynes as a subjectivist may be induced by Keynes'
consistent interpretation of probability as a degree of belief, relative to our state of

3 Jeffreys and Keynes were both inspired by the Cambridge logician and probability
theorist, William Ernest Johnson, who also taught to Jeffreys collaborator Dorothy Wrinch
and, I guess, to Ramsey (see Jeffreys, 1961, p. viii; the obituary by Keynes in The Times
of 15.1.1931; and the dedication in Good, 1965). In Keynes' words, Johnson 'was the first
to exercise the epistemic side of logic, the links between logic and the psychology of
thought.' (Keynes 1972, p. 349). Johnson was the closest friend of the economist Neville
Keynes, father of John Maynard Keynes. In 1907, he was examiner of Keynes' dissertation
on probability (together with Alfred North Whitehead; see Skidelski, 1983, p. 69, and p.
182).
4 Zellner (1982) asks 'Is Jeffreys a "Necessarist"?' and gives a negative answer. He
suggests the label individualistic pragmatist as a substitute. Although I agree that
Jeffreys' theory has many pragmatic elements, I tend to disagree with Zellner although
the disagreement is a matter of degree as no label does justice to the sophisticated
ideas expressed by Jeffreys. 'Necessary' expressions can be found in the first edition of
Jeffreys (1957) on p. 10 and in Jeffreys (1961, p. 37 and p. 406). Those expressions are
surrounded by conventionalist qualifications and references to a more individualistic
perspective. The point is not of enough importance to warrant further discussion (see
also Kass, 1982).
5 Jeffreys (1961, p. viii) writes that Keynes withdrew his assumption that probabilities
are only partially ordered in his biographical essay on Ramsey. In fact, it is not the
partial ordering which Keynes dropped, but (and only to some extend) the concept of
logical or necessary probability. See also Chapter 5, section 2.1, for Keynes' later
remarks on partially ordered probabilities.
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knowledge. However, persons with the same state of knowledge will have the same
probability judgements, hence there is no room for obstinate subjectivity. I will leave
this issue at rest as it is not particularly relevant for the following. The differences
between Von Mises' theory of probability and Keynes' are clear. According to Von Mises,
the theory of probability belongs to the empirical sciences, based on limiting
frequencies, while Keynes views it as a branch of logic, based on degrees of rational
belief. Von Mises' axioms are idealizations of empirical laws, Keynes' axioms follow from
logic. It is remarkable that such differences on principles do not prevent those authors
to reach nearly complete agreement on almost all of the mathematical theorems of
probability!

2.1.2 The principle of limited independent variety
In Chapter 3, I showed that most supporters of the frequency interpretation of

probability stress the difficulties of obtaining objectively justifiable prior
probabilities. A good deal of the Treatise is devoted to this problem. A fundamental
notion with respect to this problem is the hypothesis of limited independent variety,
which provides the basis for the inductive argument in the Treatise '(Chapter 22). It is
the probabilistic analog to the principle of the uniformity of Nature. Keynes (1921, p.
277) argues that, if every separate configuration of the universe were subject to its own
governing law, prediction would become impossible and the inductive method useless. The
inductive hypothesis, as he calls his principle of limited independent variety, states
that, as the number of independent constituents of a system together with the laws of
necessary connection becomes more numerous, inductive arguments become less applicable
(pp. 279-280). Keynes does not give a formal definition of these terms, but the principle
can be understood as stating that, for inductive inference, the propositions that
constitute the premises of an inductive argument must have a high degree of homogeneity. 6
In other words, an object of inductive inference should not be infinitely complex or
being determined by an infinite number of generators (p. 286, 287). The reason for this
fundamental requirement is that one needs strictly positive prior probabilities for
inductive inference. In Keynes' view, these prior probabilities are assessed by reliance
on analogyl If every fact has its own cause, or generator, then this method of reasoning

6 Stigum (1990, p. 567) formalizes the principle. He argues that it is needed in
conjunction with the principle of the uniformity of nature in order to justify inductive
inference, and suggests that this agrees with Keynes' view on induction (see also Stigum,
1990, pp. 542-5). My own reading of Keynes is slightly different: Keynes proposes limited
independent variety as a sophisticated alternative to the principle of the uniformity of
nature.
7 Keynes uses the term pure induction for enumerative induction (i.e. arguments that are
based on enumerating numbers of events), and induction for arguments which combine pure
induction with analogy.
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by means of analogy breaks down, and induction becomes impossible.
In Chapter 1, I already discussed the principle of the uniformity of Nature, and

concluded that it does not provide a satisfactory foundation for induction. Keynes'
alternative, the hypothesis of limited independent variety, is an improvement, but still
begs the question. Why should we believe in its validity? Keynes' answer is that the
hypothesis does not need to be true, i.e. have prior probability equal to 1. A strictly
nonzero (finite) prior probability will do (1921, p. 289-for a critique, see Cohen,
1989, pp. 134-135; Russell, 1927, p. 284, notes that what is really needed is a finite
prior probability that the number of independent qualities is less than some assigned
finite number). As the definition of the principle is rather vague (limited is not
defined, for example), it is hard to argue that it is, in general, outright false (a
dubious foundation for a theory, it may be said). Intuition, or better, experience of
particular applications, justifies a nonzero probability on this hypothesis and may lead
to an increase or decrease of its probability (by means of Bayesian updating). Indeed,
the reason why induction seems warranted in a number of instances is,

'because there has been so much repetition and uniformity in our experience that
we place great confidence in it. To this extent the popular opinion that
induction depends upon experience for its validity is justified and does not
involve a circular argument' (Keynes, 1921, pp. 290-291)

The arguments presented here may shed some light on Keynes' later cntique of
Tinbergen's efforts to use statistical methods for testing economic theories. In
economics, the condition of limited independent variability may not be fulfilled. This
episode will be discussed in Chapter 5. Notice, finally, that the logical principles of
Keynes' probability theory do not exclude the importance of empirical experience-it is
precisely such experience which establishes the validity of inductive argument for
specific cases.

2.1.3 Measurable probability
The possibility of obtaining logical prior probabilities has been shown, be it in a

very restricted class of cases (if one agrees with Keynes). How much help is this in the
enterprise of inference? A specific feature of Keynes' view is that not all probabilities
are numerically measurable, and in many instances, they cannot even be ranked on an
ordinal scale. The beauty contest, which has become famous due to the General Theory but
already shows up, for another purpose, in the Treatise, is used to illustrate this point
(Keynes, 1921 pp. 27-29). Keynes narrates how one of the candidates of the contest sued
the organizers of the Daily Express for not having had a reasonable opportunity to
compete. Part of the nomination was brought about by the response of readers of the
newspaper. Another part of the decision depended on an expert, who had to sample the top
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50 of the ladies elected by the readers. The candidate complained, for the Court of
Justice, that she had not obtained sufficient opportunity to make an appointment with
this expert. Keynes argues that the chance of winning the contest could have been
measured numerically, if only the response of the readers (who sent in their appraisals
and thus provided an unambiguous ranking of the candidates) had mattered. The subjective
taste of the single expert could not be evaluated in a similar way. Hence, a rational
basis for evaluating the chances of the unfortunate lady was lacking. Probabilistic
inference could not be used to appreciate her loss.

The non-measurability of probabilities, the notion that very often probabilities
cannot be assigned numerical values and often can at best be ranked on a cardinal scale,
is what I call Keynes incommensurability thesis of probability. It is a controversial
view. For example, Jeffreys, who has a probability theory broadly consistent with Keynes'
theory, has as the very first axiom of his probability theory that probabilities must be
comparable (Jeffreys, 1961, p. 16). Indeed, the empirical applicability of probability
theory is drastically reduced if probabilities are strictly incommensurable, if there is
no criterion for evaluating different probabilities. A rational discussion about
different degrees of belief becomes unfounded as soon as one discussant states that his
probability statement cannot be ranked with another one's. Giving up the possibility of
ranking alternatives would wreck standard micro-economic theory. 8 The same is true for
situations of choice under uncertainty. One should be careful, therefore, to drop ranking
of alternatives without proposing alternatives. Keynes was concerned with providing
foundations for a theory of conduct. He would have trusted that his approach, which
increases the scope for intuitive judgement, would be superior to sticking to
(unwarranted and dogmatic) rules. At least, as long as decisions on public action were in
hands of able persons ... (see also Skidelski, 1983, pp. 152-154).

Keynes may go too far in stressing the prevalence of non-measurability of
probabilities, but he is not entirely wrong. In many cases, persons who entertain
rational degrees of belief have vague prior probability assignments or are even agnostic
about particular propositions. Human beings do not make prior estimates to a degree of
precision of 100 decimal places. These imprecise opinions cannot be translated into
unique prior probability distributions. Any particular prior probability distribution is
extremely precise. This is even true for a uniform probability distribution which might
represent ignorance. Investigators after Keynes have tried to formalize probabilistic
agnosticism (see in particular Good, 1962). Keynes can be seen as the first probability
theorist who analyzed partially ordered probabilities. He has been followed by the

8 There is an abundance of empirical evidence against the validity of basic principles of
rational behaviour along the lines of standard micro-economic theory. See Tversky and
Kahneman (1986), Rubinstein (1990) and references cited in those papers.
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statistician B.O. Koopman, the statistician and philosopher 1.J. Good, and in
econometrics (pace Keynes) by Ed Leamer (although Learner scarcely refers to Keynes and
Good, and not at all to Koopman). Some results concerning partially ordered or interval-
valued probabilities, invariant and robust priors, and sensitivity analysis will be
discussed at various places in subsequent chapters.

2.1.4 Analogy
A distinct feature of Keynes' theory of induction is that, if the principle of

limited variety is satisfied, then sheer enumeration of facts will not change a
reasonable degree of belief. The fact that we consider that eggs are all alike, is
grounded on two kinds of experience: enumerative induction (Keynes calls this pure
induction), and negative analogy. Keynes argues that increasing the number of
observations is only valuable for inductive purposes, if the amount of negative analogy
increases. For example, eggs should be tasted not only in June, but also in December, in
town and in the country (Keynes, 1921, p. 243). Whereas Hume seems to stress enumeration
(and states its insufficiency for inductive inference), Keynes emphasizes negative
analogy. It is similar to Popper's view that serious tests do not consist in yet another
confirmation, but in efforts to confront an hypothesis with a new test-situation. It
should be clear from the previous chapters that Popper does not go on to make this the

basis for a theory of induction.
The multiplicity of results is important only for the purpose of replication. But

replication does not add much to knowledge (which may explain why, in econometrics,
replicating studies are rarely performed: applying a theory to a new context, on the

other hand, is a very popular activity).

2.1.5 Statistical inference
In the final part of the Treatise, Keynes discusses statistical inference. Whereas

the logical theory is mainly directed to the study of universal induction (it is probable
that every instance of a generalization is true, the proposition that all swans are
white), statistical inference deals with problems of correlation: it is probable that any
instance of this generalization is true (most swans are white-see Keynes, 1921, pp. 244-
245). The latter is more intricate, but not fundamentally different, from universal
induction, Keynes argues (1921, p. 447). The goal of statistical inference is to
establish the analogy shown in a series of instances. Keynes comes fairly close to Von
Mises' condition of randomness, for he demands convergence to stable frequencies from
given subsequences (1921, p. 454). Von Mises, however, is much more explicit about the

requirements for this condition.
A prerequisite of fruitful application of statistical methods is that we must have a
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good deal of positive knowledge of the statistical material under consideration,
knowledge of the validity of the principle of limited variety, knowledge of analogies,
and knowledge of prior probabilities. These circumstances are rare.

'To apply these methods to material, unanalyzed in respect of the circumstances
of its origin, and without reference to our general body of knowledge, merely on
the basis of arithmetic and of those of the characteristics of our material with
which the methods of descriptive statistics are competent to deal, can only lead
to error and to delusion.' (Keynes, 1921, p. 419)

They are the children of loose thinking, the parents of charlatanry (op. cit.). This
provides the basis for Keynes' (1939) later objections to the work of Tinbergen (a debate
that will be discussed in Chapter 5, Section 3.2). David Hendry is not convinced that
Keynes' objections are fundamental ones:

'Taken literally, Keynes comes close to asserting that no economic theory is ever
testable, in which case, of course, economics ceases to be scientific-I doubt if
Keynes intended this implication.' (Hendry, 1980, p. 396)

But, as Lawson (1985) also observes, Keynes is very clear on the difference between the
(natural) sciences and the moral sciences, such as economics. Indeed, Keynes believes
that statistical testing has no significant role to play in economics. But Keynes
concludes his Treatise with some cautious support for applying methods of statistical
inference to the first group, the natural sciences, where the prerequisites of fruitful
application of statistical methods are more likely to be satisfied:

'Here, though I have complained sometimes at their want of logic, I am in
fundamental sympathy with the deep underlying conceptions of the statistical
theory of the day. If the contemporary doctrines of biology and physics remain
tenable, we may have a remarkable, if undeserved, justification of some of the
methods of the traditional calculus of probabilities.' (Keynes, 1921, p. 468)

2.2 Carnap and logical probability

2.2.1 Confirmation
Rudolf Carnap (1891-1970) has tried to supersede Keynes' theory of logical

probability by proposing a quantitative system of inductive probability logic, without
Keynes' misgivings about the measurability of probability and without reliance on the
principle of limited variety (see Carnap, 1963, p. 972 and 975). Carnap was one of the
most important members of the Wiener Kreis, and he made many fundamental contributions to
the philosophy of logical positivism.f Initially, he and his colleagues of the Wiener

9 Carnap studied in Vienna. He lectured in Prague from 1931 to 1935, went to Chicago
where he was professor of philosophy from 1936 to 1952. Subsequently, he succeeded
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Kreis supported the frequentist theory of probability, in particular, as formulated by
Von Mises and Reichenbach. Keynes' theory was thought to lack rigour, it was 'formally
unsatisfactory'. Around 1941, Carnap reconsidered his views. His interest in the logical
theory of probability was raised, due to the influence of Wittgenstein and Waissman (but
see the reference in Chapter 1, footnote 7). He began to appreciate Keynes' and Jeffreys'
writings (Camap, 1963, p. 71).

In his early writings, Camap attempted to show that theoretical statements have to
be based (by definitions) on experience for being 'meaningful' (see Schilpp, 1963, for an
overview of Camap's philosophy). The verifiability principle can then be used in order
to demarcate 'science' from 'metaphysics'. Popper pointed to the weaknesses of the
verifiability principle. Instead of giving up his positivist theory of knowledge, Carnap
amended his theory by relaxing the verifiability principle. In the remainder of this
section, I will deal with Carnap's amended theory of knowledge.

Not definitions based on experience yield meaningful knowledge, but, according to the
new views of Carnap, the possibility of (partial) confirmation does. The basis for
Carnap's theory (Carnap, 1950, 1952) is an artificial language of sentences along the
lines of Russell and Whitehead's Principia Mathematica. The goal of Carnap is to
construct a confirmation function that can be used for inductive inference, which can
figure as a common base for the various methods of Fisher, Neyman-Pearson and Wald for
estimating parameters and testing hypotheses (Camap, 1950, p. 518).10

A confirmation function c(h,e) denotes the degree of confirmation of an hypothesis h
by the evidence e. Camap interprets this as the quantitative concept of a logical
probability .11 Camap shows that a conditional probability P(h Ie) (in the simplest case
defined on a monadic predicate language L(A,n) which describes n individuals an who have
or have not characteristic A) is indeed a measure of this degree (see Carnap, 1963, p.
967, for alternative interpretations of logical probability, such as the notion of a
betting quotient).

The problem is to find the necessary prior probability by means of logical rules. For
the given simple case, there are 2n possible states or sentences. A possibility is to
invoke the principle of indifference, but this does not lead to unique prior

Reichenbach at UCLA, where he held a chair until 1961.
10 Kemeny (1963) gives a very lucid summary of Camap's theory of induction.
11 Popper and Camap use the same words with different meaning. Popper interprets degree
of confirmation as a degree of confirmability, which increases with increasing content.
See Camap (in Schilpp 1963, p. 995-998) for an effort to clarify the issue. The tone of
the exchange between Camap (usually most amiable) and Popper is captured by the
following quote. 'Many of the views which Popper ascribes to me and subsequently
criticizes, are foreign to me if not diametrically opposed to my own view. It happens not
infrequently that one philosopher misunderstands another. What is unusual in Popper's
case is the fact that he has persisted in his misunderstanding even after Y. Bar-Hillel,
Kemeny and I had clearly pointed out his mistakes.' (op. cit. p. 995).
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probabilities. Carnap (1950) proposes two logical constructs, ct (which bases the prior
probability in the example on 2-n) and c' (where, for q between zero and n, the prior

probability depends on (~). These constructs are discussed in Howson and Urbach (1989,

pp. 48-55). Both rely on considerations of symmetry. If n-7CJ, the logical probability
shrinks to zero. It is obvious that in complex examples, it will be increasingly
difficult to construct prior probabilities. If the system is extended to a general
'universe of discourse' (the sample space in Chapter 2.2), then it is unclear how the
logical probabilities should be constructed. The logically possible states of the world,
without further empirical information, must be mapped into prior probability assignments,
but how this should be done remains unclear. In a most critical book review of Carnap
(1950) in Econometrica, L.J. Savage concludes that until this problem is resolved,

'application of the theory is not merely inadequately justified; it is not even
clear what would constitute an application.' (Savage, 1952, p. 690).

Carnap's work did not gain a foothold in econometrics.12 The unifying base for the various
methods of estimating and testing was not recognized by the econometric profession.

In the meantime, Popper (1959, p. 150) complains that the resulting probability
statements are non-empirical, or tautological. This is true for the construction of
priors, but it is not correct that Carnap has no theory of learning from experience. This
theory is a generalization of Laplace's rule of succession.

2.2.2 The generalized rule of succession
Carnap's theory is a generalization of Laplace's rule of succession, discussed in

Chapter 2.3. Let hand e be well formed formula's describing an hypothesis h and evidence
e for a given predicate language L (we will consider a simple one-predicate language). In
case of casting a die, ek denotes the outcomes of k throws of a die. The hypothesis hi
states that the next throw will be an outcome Pi. In the evidence, k' throws have
characteristic Pi. Carnap's degree of confirmation is summarized in the following
equation (a derivation can be found in Kemeny, 1963, pp. 724-729):

k' + >..IK
c(hi,ek) = ,

k + >..
(4.1)

12 As noted above, Carnap taught at Chicago from 1936 to 1952. Savage was at Chicago
during the end of this period. Carnap had occasional talks with Savage, but according to
Carnap's autobiographical note primarily at the Princeton Institute for Advanced Studies
(see Carnap and Jeffrey, 1971, p. 3). The economist and philosopher Herbert Simon studied
with Carnap (see Gardner, 1987, p. 23), but Carnap's impact on Simon's views on inference
is not very large, it seems (see e.g. Langley et al., 1987). Another student of Carnap,
Ray Solomonoff, will be introduced in section 4.5 below.
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where K is the number of exclusive and exhaustive alternatives. Hence, K = 6 in case of
throwing dice, 2 in a game of head and tails (but certainly not trivial to assess in more
complex cases). The problem is how to choose x, an arbitrary constant which obeys 0.:5;\..:500.

It represents the logical factor by which beliefs are determined. The problem of choosing
x has not been solved, as a unique optimal value for x does not exist. If the game is
head and tails (K =2) and ;\. is set equal to 2, then we obtain Laplace's rule of
succession. If x has an higher value, more evidence is needed to change one's opinion; if
x grows to infinity, empirical evidence will not influence probability assignments. On
the other hand, setting ;\.=0 gives the 'straight rule'. In other words, x measures the
unwillingness to learn from experience. It quantifies the trade-off between eagerness to
increase knowledge, and aversion to taking risk by attaching to much weight to the first
n outcomes of an experiment.

The problem also shows up in Bayesian econometrics, where a choice has to be made
about the relative weights of prior and posterior information before one can calculate
posterior probabilities, predictive densities and so forth. In a discussion of some
possible objections to using uniform prior probabilities, Berger (1985) gives an example
of an individual trying to decide whether a parameter 8 lies in the interval (0,1) or
[1,5). The statement of the problem suggests that 8 is thought to be somewhere around 1,

'but a person not well versed in Bayesian analysis might choose to use the prior
n(8) = 115 (on 8=(0,5», reasoning that, to be fair, all 8 should be given equal
weight. The resulting Bayes decision might well be that 8e[I,5), even if the data
moderately supports (0,1), because the prior gives [1,5) four times the
probability of the conclusion that 8e(0, 1). The potential for misuse by careless
or unscrupulous people is obvious.' (Berger, 1985, p. 111)

The warning is somewhat off the mark. There is no logical reason why such behaviour is
careless or unscrupulous. The only thing a Bayesian can do is to weight the thirst for
knowledge and the aversion of risk (which happens to be one of the major goals of
Berger's book).

Hintikka has extended Carnap's theory to more elaborate languages (polyadic,
infinite). He has solved some analytical problems. In particular, Hintikka is able to
reject Carnap's conclusion, that universal statements that all individuals of a countable
universe have property S must have a prior and posterior probability equal to zero.
Camap's conclusion has been more strongly expressed by Popper, who has tried to prove
that the logical probability of scientific laws must be zero. See also Howson (1973,
cited in Howson and Urbach, 1990), who has refuted Popper's proofs.

The fundamental problem, how to settle the issue of choosing appropriate prior
probabilities on logical grounds, has not been solved by Hintikka (again see Howson and
Urbach, 1989, and the references cited there).



88 Part l. Probabilistic Inference

2.2.3 An assessment
The message of this discussion of logical probability is that efforts to establish

prior probabilities, necessary for inductive inference, on purely logical grounds, have
failed. This leaves us with the option to construct priors on empirical grounds (which
makes the argument vulnerable to an accusation of infinite regress) or to establish
priors on intuitive grounds (which may be rejected for its arbitrariness). Section 4 of
this chapter considers various ways of constructing priors. I will also present a new
point of view, which stems from recent developments in computer science.

The practical compromise of inference must be to select priors that are robust in the
sense that the posterior distribution is relatively insensitive to changes in the prior.
How insensitive, is a matter of taste, like the choice of A is. The personalist theories
of inference try to provide a deeper analysis of the choice between risk aversion and
information processing.

Before I will tum to that theory, one interesting issue in Carnap's work, which I
have not yet discussed, deserves a few words. This is Carnap's distinction between
confirmability and testability. A sentence which is confirmable by possible observable
events is testable if a method can be specified for producing such events at will. Such a
method is called a test procedure for the sentence. This notion of testability
corresponds, according to Carnap, to Percy Bridgman's principle of operationalism (which
means that all physical entities, processes and properties are to be defined in terms of
the set of operations and experiments by which they are apprehended). Camap prefers the
weaker notion of confirmability to testability, because the latter demands too much. It
seems that in case of econometrics, confirmability is the most we can attain as well (see
Carnap, in Schilpp, 1963, p. 59).

3. Personalist probability theory

The formal foundations of the personalist theory of probability are due to the French
radical socialist and probability theorist Emile Borel (1871-1956), and Keynes' pupil
Frank Ramsey (1903-1930). They base the theory of probability on human ignorance, not
infinite sequences of events (their contributions to the philosophy of probability can be
found in Ramsey, 1926, and Borel's 1924 paper A propos d'un traite de probabilites is
translated in the first edition of Kyburg and Smokier, 1964). Both hold that probability
should be linked with rational betting behaviour and evaluated by studying overt
behaviour of individuals. They differ from Reichenbach (1935, 1938) in making subjective
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betting ratio's the pnrrutive notions of their theories of probability, whereas
Reichenbach starts from relative frequencies and introduces the wager as an afterthought
(see e.g. Reichenbach, 1938, pp. 348-357, for his discussion of Humean skepticism,
induction and probability). Like Neyman and Pearson, the early personalist probability
theorists (and their successors) where influenced by the then rising theory of

behaviourism.
Borel's legacy to econometrics is the Borel-algebra-his other contributions to

probability theory and mathematics are rarely acknowledged in the econometric literature.
Ramsey is still often cited in economic theory, but hardly ever in econometrics. The
philosophical writings of Borel and Ramsey did not have an appreciable influence on
econometrics. That is not entirely true for two more recent contributors to the
personalist theory of probability: Bruno de Finetti (1906-1985) and Leonard J. ('Jimmie')
Savage (1917-1971). I will now tum to their views.

3.1 De Finetti on inference

The key to every constructive activity of the human mind is, according to Bruno de
Finetti (1975, p. 199), Bayes' theorem. De Finetti belongs to the most radical supporters
of the personalist theory of probability, and one of the most outspoken critics of the
frequency theory (and, finally, he supported the radical party in Italy). He defends a
strictly personalistic interpretation of probability.

'That a fact is or is not practically certain is an opinion, not a fact; that I
judge it practically certain is a fact, not an opinion.' (De Finetti, 1931, p.
195)

De Finetti (1931) outlines a theory of scientific inference, which is further developed
in more recent works such as De Finetti (1974, 1975). He proposes to escape the strait-
jacket of deductive logic, and instead holds subjective probability as the proper
instrument for inference. Furthermore, De Finetti rejects scientific realism. Probability

does not relate to truth:

'Probability does not lie in the fact that the event is undetermined (in the more
or less philosophical sense of the term) but only in our inability to predict
what possibility will take place, or to know what possibility has taken place.
This is what gives probability its essentially relative character, destroying the
myth of a true probability, existing in the "realm of darkness and mystery" of
ultrasensible reality, overthrowing a kind of semi-determinism that considers two
equally probable cases as two cases in which nature is still free to choose, and
which, having no feature that would make one preferable to another, puts nature
in the terribly embarrassing situation of Buridan's ass.' (De Finetti, 1931, p.
178)
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Probability assessment cannot be objective. In the Preface to De Finetti's Theory of
Probability, the author claims (in capitals) that PROBABILITY DOES NOT EXIST. De Finetti
(1974, p. 28) asserts that randomness has the same meaning as not knowing, but a random
entity is still well determined in itself. This means that it must be specified such that
a possible bet based upon it can be decided without question. Below, I will question how
important this notion is for a theory of econometric inference.

The only 'objective' feature that probability assessment should satisfy is coherence.
Coherency is a property of probability assignments:

Coherence. A set of probability assignments is coherent, iff no Dutch Book (a bet
that will result in a loss in every possible state of the world) can be made
against someone who makes use of these probability assignments.

Coherence is De Finetti' s requirement for rationality. The probability assignments of a
rational individual (someone who behaves coherently) are beyond discussion, as De
Finetti's theory is strictly personalistic.

'If someone draws a house in perfect accordance with the laws of perspective, but
choosing the most unnatural point of view, can I say that he is wrong?' (De
Finetti op cit. p. 175)

De Finetti's answer is no.
Indeed, the Dutch book argument is one of the pillars of modem Bayesianism. It might

seem a plausible requirement to economists, and indeed economic theorists tend to accept
Bayesian probability theory for this reason. Econometricians are less convinced: its
applicability to empirical research is limited, as I will show in Chapter 6.3 (see also
Leamer, 1978, p. 40). And we may doubt its importance for scientific inference in
general. Typically, it will be difficult to make a bet about scientific propositions
operational. Worse, it may be undesirable or without scientific consequences. The more
operational the bet, the more specific the models at stake will be, and hence, the less
harmful a loss will be for the belief of the loser in his general theory. Such a critique
of De Finetti and Savage has been expressed by Hilary Putnam:

'I am inclined to reject all of these approaches. Instead of considering science
as a monstrous plan for 'making book', depending on what one experiences, I
suggest that we should take the view that science is a method or possibly a
collection of methods for selecting a hypothesis, assuming languages to be given
and hypotheses to be proposed.' (Putnam, 1963, p. 783)

Good scientists don't make book, but write them. The question remains how fruitful
hypotheses emerge, and how they can be appraised, selected or tested. Putnam does not
answer that question. Neither does De Finetti.

De Finetti follows Percy Bridgman in requmng an operational definition of
probability (1974, p. 76). By this he means that the probability definition must be based
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on a criterion that allows to measure it. The implementation is to test, by means of
studying observable decisions of an individual, the (unobservable) opinion or probability
assignments of that individual. Hence, if we want to establish the degrees of beliefs in
different theories of scientists, we must study their observable decisions in this
respect. If such a thing can ever be done is questionable.

An aspect of De Finetti's work which is of interest is his alternative for the formal
reference scheme of probability, discussed in Chapter 2.2. I will pick out one of the

concepts discussed there, independence.

3.2 Exchangeability

One of the basic notions of probability is independence. As it was defined, it is a
characteristic of events. For example, in tossing a fair coin, the outcome of the nth
trial, Xn (equal to zero or one), is independent of the outcome of the (n-l)th trial,
Xn_1:

(4.2)

This is a purely mathematical definition. De Finetti wants to abandon this
characteristic, because in case of independence, the positivist problem of inference
(learning from experience) gets lost: if A and B are independent, then P(AIB) = peA). An
alternative notion is exchangeability of events. It is defined as follows (De Finetti,

1975, p. 215): 13

Exchangeability. For arbitrary (but finite) n, the distribution function
F(.,., ... ,.) of Xh ,Xh , ... ,Xh is the same no matter in which order the Xh. are

I 2 n I

chosen. Hence, it is not asserted that P(Xj IXh1,. "Xh
n
) = P(Xj) , but

P(~IXh , ... Xh) = P(XJIXk , .. .xk)I n I n
(4.3)

as long as the same number of zero's and ones occur in both conditioning sets.

This is the personalist version of Von Mises' condition of randomness, with the
difference that De Finetti has finite sequences in mind. Using this definition, De
Finetti is able to establish the convergence of opinion among different agents who are

13 Exchangeability is introduced by De Finetti in 1931. Other terms used are symmetric (De
Finetti, Savage) and permutable (W.E. Johnson, Good). Savage (1954, p. 52) attributes
this concept to a discussion in a paper of 1. Haag in 1928. Good (1965, p. 13) writes
that exchangeability is anticipated by W.E. Johnson, in 1924.
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coherent personalistic probability reasoners but start off with different priors. Note
that we do not yet know how to ascertain exchangeability in practice. Like Von Mises'
condition of randomness in the frequency theory of probability, the exchangeability of
events must fmally be established on subjective grounds.

3.3 The representation theorem

A byproduct of exchangeability is the representation theorem. It is the assertion
that a set of distributions for exchangeable random quantities can be represented by a
probabilistic mixture of distributions for the same random quantities construed (in the
objectivist, relative frequency way) as independent and identically distributed. If the
probability P(X1,· •• ,Xn) is exchangeable for all n, then there exists a prior probability
distribution t/i("A) such that

1

J "A\1->..)n-kt/i("A)8>...

o
(4.4)

This theorem provides a bridge between personalistic and objective interpretations of
probability. Exchangeability enables De Finetti to derive Bernoulli's law of large
numbers from a personalistic perspective. Furthermore, if t/i("A) = 1, it is possible to
derive from the definition of conditional probability and the representation theorem
Laplace's rule of succession.

But some questions remain. A technical problem is that a general representation
theorem for more complicated cases (such as continuous distributions) is not available. A
more fundamental problem is, how can two personalists, who have different opinions about
a probability, converge in opinion if they do not agree about the exchangeability of
events in a given sequence? There is no 'objective' answer to this question. Howson and
Urbach (1989, p. 233) argue that exchangeability itself rests on an hidden assumption of
independence. Philosophical arguments for or against independence are, therefore, not
conclusive. It is stilI possible to investigate independence on an empirical level. Such
tests are well known in econometrics, for example in testing the efficient market
hypothesis (using the theory of martingales to stock prices, see LeRoy, 1989).

3.4 Savage's worlds

Savage's theory is an extension of De Finetti's work (Savage, 1954, p. 4). Savage and
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De Finetti coauthored a number of articles, share the personalistic perspective, but some
differences remain. Savage bases his theory on decision making (like De Finetti) but
combines probability theory more explicitly with expected (Von Neumann-Morgenstern)
utility theory.I+ De Finetti does not directly rely on utility theory, which makes his
view vulnerable to paradoxes such as Bernoulli's St. Petersburg paradox, analyzed in
Savage (1954, p. 93). Personalistic probability and utility theory are the two key
elements of Savage's decision theory. Savage continues the tradition of Christiaan
Huygens and Blaisse Pascal, who were the first to derive theorems of expected utility
maximization (cf. Huygens' value of hope, and Pascal's wager, see Hacking, 1975 and Van
Fraassen, 1989). Another distinction between Savage and De Finetti is that Savage
supports and refines the minimax theory (which is due to Von Neumann, introduced in
statistics by Abraham Wald). In the preface to the second edition of Savage (1954,
published 1972, p. iv), Savage notes that 'personalistic statistics appears as a natural
late development of the Neyman-Pearson ideas.'

Savage's decision theory is strictly positivistic in the sense that it is about
observable behaviour (but Savage acknowledges that real human beings may violate the
perfect rationality implied by his theory). He does not analyze preference orderings of
goods, or events, but orderings of acts. You may assert to prefer a Bentley over a Rolls
Royce, but this is meaningless if you never have the opportunity to make this choice in
real life. Savage's decision theory is behaviouristic.

I will discuss only some of Savage's ideas about inference, in particular his notion
of small and large worlds (Savage, 1954, pp. 82-91). It is perhaps the most complicated
part of his book, and Savage was not quite satisfied with his method of attack (which is
'for want of a better one', p. 83). Savage begins by defining a world as the object about
which a person is concerned. This world is exhaustively described by its states s .s' , ...
. Savage defines events A,B,C, ... as sets of states of the world. They are subsets of S,
the universal event, or the grand world. It is a description of all possible
contingencies. The true state of the world is the state that does in fact obtain.

Consequences of acting are represented by a set F of elements f,g ,h,... . Acts are
arbitrary functions r,g,h from S to F. The preference ordering between acts is determined
by the condition f .s g if and only if

E(r-g) !5 0, (4.5)

where E denotes the expected value of an act, derived from a probability measure P, and ~

14 See Von Neumann and Morgenstern (1944). Von Neumann and Morgenstern use a frequency
interpretation of probability, but a footnote suggests to model preferences and
probability jointly (1944, p. 19). This is done by Savage (1954). This is not just a
coincidence: Savage was one of Von Neumann's wartime assistants.
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denotes 'is not preferred to' (the relation '" satisfies the completeness and transitivity
axioms of consumer choice). Now if the axioms of choice under uncertainty hold, an
individual has to make once in his lifetime one grand decision, contingent on all
possible states of the world. Similarly, ideally an econometrician has to know exactly
how to respond to all possible estimates he makes in his effort to model economic
relationships, and an ideal chess player would play a game without having to contemplate
once the first move is made. In practice, this is infeasible. Problems must broken up in

isolated decision situations. They are represented by small worlds.
-

A small world is denoted by S. It is constructed from the grand world S by

partitioning S into subsets or small world states, s .s', ... . A small world state is a
grand world set of states, i.e. a grand world event. In making a choice between buying a
car and a bicycle, in a small world one may contemplate contingencies such as the oil
price and the expected increase in traffic congestion. The large world contingencies are
many, perhaps innumerable many. Take, for example, the probability of becoming disabled,
the invention of new means for transportation, but also seemingly irrelevant factors such
as changes in the price of wheat or the average temperature in Alaska. The idea of the
construction of a small world is to integrate all 'nuisance' variables out of the 'large

world model'.
- -

A small world event is denoted by B, which is a set of small world states in S. The

union of elements in B, UB, is an event in S. A small world is 'completely satisfactory'
if and only if it satisfies Savage's seven postulates of preference orderings under

-
uncertainty, and agrees with a probability P such that

P(B) P(UB) for all B c S (4.6)

- -
and has a small world utility 'l.1 of consequences of acts f which is equal to the large

world expected value of the small world consequences of acts, i.e.

- --
'U(f) = E(f) for all f E F. (4.7)

-
This small world is called a microcosm. The probability measure P is valid for the small
world. In words, the grand world probability P of the union of elements in the small

- - -
world event B is equal to a small world probability P of the small world event B. If a
small world gives rise to a probability measure and utility consistent with those of the
grand world, the small world is said to be completely satisfactory. The problem, of
course, is to find out when the conditions are fulfilled. On this question, Savage has

little to say.
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3.5 Inference, decision and Savage's impact on econometrics

Consequences of acts are not always measurable in terms of cash. They may also add to
status, beauty, health. These features are difficult to measure in terms of utilities.
Elicitation of personal probabilities is the more difficult the more these nonmonetary
contributions to utility matter. And this is precisely the case for scientific research.

It is remarkable that Savage's impact on econometrics has been very small. He was in
Chicago (from 1950-1954) when the Cowles Commission resided there but did not leave his
mark on the direction of econometric research at Cowles.15 The puzzle becomes somewhat
less puzzling if we consider some of the conclusions of Savage (1954). In effect, he
supports a number of methods that have been more widely accepted by econometricians, such
as Wald's 'objective' decision theory, and Fisher's maximum likelihood method.

A remaining problem of Savage's approach is that, in the descriptive sense, it is in
conflict with reality. Tversky and Kahneman (1986) argue that no theory of decision can
be normatively adequate and descriptively accurate. Savage is aware of conflicts between
theory and reality, and opts for a normative theory.

4. The construction of prior probabilities

We have seen that justifiable prior probabilities, which are indispensable to inductive
inference, can be hard to find. Where do they come from? From previous experience? Or are
they logical constructs? Or are they just the subjective creations of our imagination?

If the specification of prior probability results from previous applications of
Bayes' theorem, then the question carries over to the justification of such previous
inferences. A problem of infinite regress emerges. Ultimately, one might argue that the
start of inference is a situation of pure ignorance. However, priors representing
ignorance are not always easy to find (see also below). Another solution to the infinite
regress problem might be to return to the observation of relative frequencies as the

15 There was occasional contact between Savage and the econometricians. Savage (1954, p.
xi) thanks Tjalling Koopmans in his preface. Savage worked together with Milton Friedman
(not a Cowles member) (see references in Savage 1954). Friedman writes (in correspondence
with the author) that, although Savage had a very wide range of interests, they extended
more in the area of medicine than they did in the field of economics. Unlike Friedman,
Savage did not actively participate in the activities of Cowles. Friedman remembers that
Savage was not particularly interested in econometrics. See also Hildreth (1986, p.
109fnll).
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ultimate foundation for prior probabilities. If the Bayesian approach does not have its
own foundation, it is seriously defective.

The third option, the idea that priors are the subjective creation of our
imagination, seems to be the most valid one. There are some restrictions (in particular,
coherence) to the choice of a prior, if they are to be probabilities which a rational
individual might hold. Some further restrictions may facilitate other purposes,
especially of scientific (rather than private) inference. These are communicability (to
facilitate interpersonal communication), and tractability (to enable calculation of
posteriors and to facilitate replication).

In many cases, explicit prior information is not available, and from a logical point
of view, a prior representing ignorance must be available for a theory of inference. Non-
informative priors are then necessary for the first steps in inference. Such priors have
led to endless discussions in the philosophical and statistical literature. Some
Bayesians, therefore, explicitly renounce them (for example, Leamer, 1978, pp. 61-63). I
will discuss alternative ways to construct priors, including non-informative priors. It
is argued that non-informative priors are essential to a theory of simplicity in
inference.

4. I Informative priors

If prior information is available and if this can be represented in a prior
probability distribution, then there are in principle no conceptual difficulties for
applying Bayes' theorem. This is acknowledged by all statisticians alike, not only
Bayesians. Popular prior probability distributions are of the natural conjugate form, in
which case the posterior distribution is of the same family of distributions as the prior
distribution (closed under sampling, see Cox and Hinkley, 1974, p. 369; see also Zellner,
1971, p. 21). The normal-inverted gamma prior distribution is the natural conjugate prior
to the normal linear regression model. Analytical tractability is an important advantage
of this prior, but the unimodality of the resulting posterior can be seen as a
disadvantage (Leamer, 1978, p. 79). The reason for this objection is that, in many cases,
prior information is distinctly different from data information, which would show off in
case of a multirnodal posterior probability distribution. There are many prior
distributions that can generate multimodal posteriors, but at the cost of loss of
analytical tractability. The revolution in computation techniques solves many of these
problems. Numerical integration techniques can be applied if analytical derivation of
posterior probabilities is impractical or impossible.

In 1965, H. Robbins invented a method for estimating prior probability distributions
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for cases where the prior probability is capable of a frequency interpretation. Neyman
(1962) considers empirical Bayes methods as a major breakthrough in the theory of
statistical decision making, but applications have been relatively scarce and are
primarily found in problems of statistical quality control, not in econometrics. From a
philosophical point of view, empirical Bayes methods add little to an understanding of
inductive inference. For these reasons, I will not discuss empirical Bayes methods.16 If
exact prior information is available, then there is no conceptual difficulty in applying
Bayes' theorem. But frequently, prior information is imprecise. Moreover, there are cases
where one has to start from uncertainty. After all, it is always possible to ask where
some prior information comes from and how previous experience has evolved. A sound
Bayesian theory cannot do without an analysis of ignorance, agnosticism or doubt. I will
now discuss a number of ways to represent ignorance.

4.2 Noninformative priors: the uniform distribution

The oldest method to construct a prior density, due to Bayes and Laplace, is to make
a uniform prior density (an excellent survey of uninformative priors can be found in
Zellner, 1971, pp. 41-54; the following sections include a discussion of some recent
advances). In particular, if e is the parameter under consideration, po(e) = 1 was the
prior probability density applied by Bayes. A problem is that this often leads to
paradoxical results (e.g. Bertrand's paradox). The prior also violates the fourth axiom
of probability, given in Chapter 2.1, namely that the total probability should not exceed
1. This is why this prior is improper. The posterior may still satisfy the axioms, using
improper priors is, therefore, not prohibited. Jeffreys (1961, p. 21) holds that the
fourth axiom should be named a convention, which is often useful but sometimes not.
Jeffreys has made significant contributions to the construction of noninformative prior
probabilities.

4.3 Jeffreys' prior

Harold Jeffreys (1891-1989) brought the method of inverse probability back to the
forefront of statistics. Whereas Keynes was primarily concerned with the logic of
inference, Jeffreys was more interested in statistical applications. This was at a time
when, among statisticians, Bayes' and Laplace's methods were nearly universally rejected.

16 For a discussion, see Barnett (1973), Cox and Hinkley (1974) and Berger (1985).
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The problem of deriving prior probability distributions were seen as insurmountable. But
Jeffreys was able to provide a better justification for the use of uninformative priors
than Bayes and Laplace had done, and improved the formulation of uninformative priors.

Like Carnap, Jeffreys was inspired by the Principia Mathematica of Russell and
Whitehead-Jeffreys tried to axiomatize probability theory, as a theory of scientific
inference. Unlike Ramsey and Savage, Jeffreys does not combine utility theory and
probability theory (se e.g. Jeffreys, 1961, pp. 30-33). In econometrics, Arnold Zellner

is the most outspoken follower of Jeffreys.
Jeffreys (1961, pp. 118-9) discusses Bayes' and Laplace's use of non-informative

priors. He notes that some critics of Bayes and Laplace mistakenly believed that prior
probabilities should always be non-informative, which was taken as a criticism of the
method of inverse probability. There is obviously no reason why informative priors cannot
be used. A more serious objection to the use of uniform priors, voiced by Jeffreys
himself, is that they would make significance testing impossible (Jeffreys, 1961, p.
118). Still, in many cases non-informative prior probabilities are highly valuable. But
the problem of the uniform prior probabilities used by Bayes and Laplace is that they are
not invariant to nonlinear transformations, and that they are not appropriate for
representing ignorance if the parameter for which the prior probability is construed is
one-sided unbounded. Let me first consider the two-sided unbounded parameter A (for
example, the 'location parameter', in Fisher's vocabulary, i.e. a parameter for which the
density fix IA) can be written as a function of X-A). Jeffreys follows Bayes and Laplace

by recommending a uniform prior,

P(BAIH) ex BA. (4.8)

The justification for using this prior distribution is that, in many cases, it gives
•satisfactory , results. Furthermore, it has the advantage that the probability ratio of
two segments of the uniform distribution is indeterminate, which appeals to 'being
ignorant'. But there is clearly something missing for those who are skeptic on the
validity of 'inverse probability'. Jeffreys justifies his prior on grounds of invariance.

Edward Jaynes (see below) provides further arguments.
The one-sided bounded parameter is of interest for its own sake, as this is where

Jeffreys made his own contribution. To show that a uniform distribution for such a
parameter is unjustified will be clear from an example. Take the scale parameter 0",

0"'0"<00. Assign a uniform (improper) probability to 0". Then for some finite value of 0", say

Ci, the probability that 0" < Ci will be finite, whereas the probability that 0" > Ci is infinite.
This is not a very satisfactory representation of prior ignorance.

An alternative to the uniform distribution over 0" is to take a uniform distribution
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over a(J/(J, i.e.

(4.9)

An advantage is that it is proportional to nonlinear transformations of (J (for example,
Blrur ex aln(J2 which implies that ignorance on the scale parameter means ignorance on the
variance).

A generalization of this notion of 'invariance' is advanced in Jeffreys (1961, pp.
179-192). This has led to a large literature on invariance properties of probability
distributions. Assume that one is interested in a vector of parameters, denoted bye,
given a set of data x. If one is ignorant about e, then according to Jeffreys, one should
also be ignorant about any one-to-one differentiable transformation of e, denoted by
gee). Jeffreys shows that the expected Fisher information (scalar or matrix) satisfies
this invariance criterion. Given regularity conditions, this information (in the scalar
case) is given by

lee) (4.10)

The prior probability (Jeffreys, 1961, pp. 180-1, p. 207) is set equal to

(4.11)

The advantages of this prior is that it is invariant for all non-singular transformations
of the parameters. However, in case of a prior distribution where both location and scale
are unknown, it would give a prior distribution PCA,(J IH) ex aAa(J/(J2 (sometimes referred to
as 'full Jeffreys prior') instead of aAa(J/(J (or the independent Jeffreys' rule). Jeffreys
has some objections to the former expression and provides heuristic arguments for using
the latter.

Jeffreys' rules are not always based on general principles, but derived from
pragmatic insights. Critics argue that Jeffreys' procedures for applying Bayesian methods
lack justification, like the earlier work of Bayes and Laplace. Secondly, one may object
that Jeffreys' prior is not independent from experience: the sampling model is used for
its construction. The problem is even worse than it sounds as, in many cases, the
statistical model that is adopted is the result of data-mining (see Chapter 6 below). The
maximum entropy prior, discussed below, avoids this unjustified dependency on the data
and can be derived from general principles.

A third problem that is frequently raised is that improper priors may lead to a
paradox, which is known as the marginalization paradox (Dawid, Stone and Zidek, 1973).
The paradox begins with two Bayesian statisticians, who are given the same data x=(y,z).
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The problem involves the inference on parameters e=(1),~), where ~ is the parameter of
interest. The first statistician uses an improper prior on e, and marginalizes
subsequently. The second investigator starts directly from the simple problem (without
regard of y and 1)) uses any proper prior but only on ~, to infer a posterior probability.
The paradox is the fact that the second investigator is unable to reproduce the inference
of the first one, whatever prior on ~ is used. The conclusion of this work is usually
understood as a warning against the use of improper priors. However, Jaynes (1980) shows
that the 'paradox' does not result from using improper priors, but from an improper
neglect of differences in information used by the two statisticians (i.e. neglect of the
prior on 1) by the second statistician).

On the whole, Jeffreys and his prior play an important role in Bayesian statistics.
Jeffreys did not have an immediate impact on the development of econometrics, although it
may have been a 'near miss'. During the second world war, Jeffreys taught his course
(based on the Theory of Probability) to one of the leading post-war econometricians,
Denis Sargan.I" Although Sargan experimented with Bayesian statistics afterward, he gave
up fairly soon because of the objectivity problem of Bayesian statistics.18 Much later,
Zellner took a leading position in recommending Jeffreys' Bayesian approach to
econometrics.

4.4 The maximum entropy principle

Information theory provides a way to deal with uncertainty, which is called disorder,
or entropy. Information theory is related to probability theory. It has progenitors in
probability theory (Laplace) and in statistical mechanics (Ludwig Boltzmann, J.W. Gibbs);
see Jaynes (1978) for the historical background. The concept was vaguely used in a
discussion of utility theory in the 1941 book of H.T. Davis, The theory of econometrics
(see Zellner, 1991). But the explicit development is due to the information theory of
M.LT electrical engineer Claude E. Shannon (Shannon, 1948) and, in relation with
probability theory, E.T. Jaynes (1957). Another contributor is Norbert Wiener (1884-
1964), also at M.LT.. Recently, entropy in relation to information theory has received
more interest by econometricians. In particular, it is used for the problem of model
choice and testing rival theories (see also below, Section 4.5).

The basic idea of Shannon is the notion that the occurrence of events reveals

17 Two other students were in the class, one of them the well known statistician Denis
Lindley. Jeffreys' classes were not popular as his teaching was not very
attractive-basically consisting of reading in a monotome voice excerpts of his book.
18 Sargan remained open minded and read Carnap's work on inductive probability. Like
Savage, this did not convince him (conversation with Sargan, December 1, 1992).
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information. If an event with high probability materializes, then not much information is
gained. An information function can be constructed that measures the information gain
which compares the prior probability with the posterior probability of the event. Popper
uses this to measure his degree of corroboration (see Chapter 3.5), and measures of
divergence (or distance) follow directly from the notion of expected information.

If we call h(P) the information revealed by the occurrence of an event with
probability p, then it is natural to make h(P) a decreasing function of p. It turns out
that h(P) = 10g(1/p) is a convenient measure of information. The expected value of the
information content is the so-called entropy (see Jaynes, 1957). For the discrete case,
with event outcomes ei (i= 1, ... ,n), the entropy of the according probability density
pee), denoted by l>n.t(p(e» (or simply by H), is given by:

l>n.t(p(e»
1

\' p(e.)log-
L I pee;)
i=l

(4.12)

and is zero by definition if pee;) is zero. Shannon proved that (12) is the unique
representation of a consistent information measure in case of discrete probability
distributions (see Jaynes, 1978, p. 282). The maximum entropy principle (see Jaynes,
1957) is to maximize (4.12) subject to the restriction

1. (4.13)
i=l

If other information is available (empirical evidence, auxiliary constraints), then this
is used for additional constraints in the maximization problem sketched above (each
constraint is a piece of information). The maximum entropy principle, or MEP, has a clear
relation to the efficient market theorem that is familiar in economics. The MEP states
that all available information should be used for problems of inference. The efficient
market theorem goes one step further, i.e. all available information will be used.

Entropy bears a direct relationship to uncertainty. The entropy has its maximum value
if all probabilities for different ei are equal, i. e. p( ei) = 11n. In that case,
l>n.t(p(e»=log n. For dice, coins and other symmetric games of chance, the principle of
maximum entropy leads to the same prior probability distributions as obtained from the
principle of indifference. Berger (1985) discusses the derivation of a prior which
maximizes entropy, if a certain amount of prior information is available.

Jaynes uses the MEP to provide a better justification for the use of prior
probability distributions representing ignorance. Jeffreys' prior can be shown to result
from the general principles of maximizing entropy, different auxiliary constraints result
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in different prior distributions. The MEP is of further use to find out if there are
constraints that should be considered, which shows from a divergence between the
maximized entropy without such further constraints, and the observed entropy measure
(derived, for example, from a relative frequency). The modelling strategy implied by the
MEP seems to be the natural one that can be found in economics (as well as other
sciences), from simple to general. It does not depend on a 'true' probability
distribution, which seems to be the necessary ingredient for frequency theories of
probability (see also Hendry's methodology, e.g. in Hendry, 1986, where 'the' Data
Generating Process is taken as the starting point for inference, with a modelling
strategy that proceeds from general to simple). The MEP does not depend on a relative
frequency interpretation of probability. In fact, Jaynes strongly objects to the
frequency interpretation:

'The Principle of Maximum Entropy, like Ockham, tells us to refrain from
inventing Urn Models when we have no Urn.' (Jaynes, 1978, p. 273).

A final argument in favour of the MEP is the statement that, in two problems where we
have the same prior information, we should assign the same prior probabilities (Jaynes,
1968, p. 228 and 1978, p. 284). Hence, Jaynes can be seen as a necessarist. Probability
assignments should be based on available information, and if this information is not
available, then one has to find (if possible) a unique representation of the lack of
information or uncertainty.

In the continuous case, a maximum entropy prior is not readily available. It is also
somewhat less clear what an information unit could be in this case. The discrete case,
for example with eight equiprobable events, the message can be reduced to three bits
(binary digits) of information (the first bit selects four out of eight of the possible
messages, the second bit selects two and the third bit selects the message). One way to
use entropy in continuous cases is to regard them as a limiting case of the discrete
entropy. The resulting entropy measure is:

f5n1(p(e»
_0 p(e)

-II:' (log-)
Pa(e) J

p(e)
- p(e)log(-)ae

Pa(e)
(4.14)

where Pa(e) is an invariant non-informative prior or measure (see Jaynes, 1978, p. 282
and Berger, 1985, pp. 92-3 for a specification of Pa(e) which maximizes this measure of
entropy). Such an invariant non-informative prior will not always be easy to find. The
theory of universal priors (discussed below) may be of help to solve this problem by
providing computable approximations to the actually valid (but unknown) prior probability
distribution.
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The maximum entropy principle is a natural way to formulate hypotheses for problems
with symmetry properties. In a problem of throwing a die, without prior information on
the quality of the die, the maximum entropy principle leads to assigning a prior
probability of Pi = 116 to all six faces of the die. If a large series of castings of a
die leads to relative frequencies that are approximately equal to 116 as well, leading to
a posterior probability qi = 1/6, then there is hardly any information gained. The
information gain is defined as

qi
log -.

Pi
(4.15)

The expected information gain is

N
qiL q;log-.
Pi

(4.16)I(q,p)
i=1

This definition of expected information generalizes to the concept of divergence, which
is useful for measuring the difference in information contained in two rival descriptions
(distribution functions) of the data (see also Chapter 8).19

4.5 Universal priors

4.5. I Introduction
A recent development in computer science and mathematics is the application of

Kolmogorov-complexity theory to inductive reasoning and machine learning. This results,
among other things, in a generalization of the maximum entropy priors. Furthermore, it
gives further insights to the use of simplicity in inference (and on the relation between
simplicity of hypotheses and their prior probabilities). The method of inductive
reasoning, that is implicit in Jorma Rissanen (1983) and described explicitly in Ming Li
and Paul Vitanyi (1990, 1992), follows the idea of Ray Solomonoff's, to construct a
universal prior which can be substituted for any particular 'valid' prior probability
distribution in the set of computable probabilities. This then can be used in
applications of Bayes' theorem. The following discussion is based on Li and Vitanyi
(1990, 1992) and Rissanen (1983), who give an excellent introduction to the arguments.

Solomonoff showed that, in theory, a universal prior exists and generates

19 See for another approach to noninformative priors and information, the 'reference
prior' proposed by Bernardo (1979), discussed in Zellner (1991, p. 23).
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approximately as good results as if the actually valid distribution were used (Li and
Vitanyi, 1992). A problem is that the universal prior itself is not computable, as a
result of the halting problem (see below). This would impose a serious limitation on an
idealized theory of computerized inference, based on a mechanized learning scheme that
exploits Bayes' theorem to its limits. Recent advances in complexity theory suggest
however computable approximations to this universal prior. It can be shown that different
versions of Bayesian inductive reasoning, based on a uniform prior, and inference using a
maximum entropy prior, are approximations to the universal prior (see also Chapter 6.4.2
below).

The theory of universal priors purports to derive 'objective' (or logical) prior
probability distributions by means of algorithmic information theory. This approach to
inference starts from the idea that knowledge, or information, can be represented by
strings of zeros and ones. The goal of the 'scientific philosopher' who takes the
algorithmic information-theoretical approach is the automation of science (Good, 1965, p.
4; see also Norbert Wiener, 1961, p. 12 and p. 125, on the machina ratiocinatrix, the
reasoning machine). Recent work in artificial intelligence (Langley et al., 1987;
Thagard, 1988) goes further into this direction.

Strings of binary digits (bits), denoted by [o.ij', can store models (hypotheses,
theories) as well as experience (data). A theory is a computer program that computes
binary sequences which mimic the binary representation of the observed data. A goal of
inference is to design a computer program that, on the one hand, is as simple as
possible, while on the other hand the program is compatible with the observed data (John
Kemeny, 1953; Chapter 6.4 below).

In the next subsections, I will introduce the Turing machine and provide some notions
of computability. The Solomonoff-Levin distribution is presented and computable
approximations to this distribution are given.

4.5.2 The Turing machine
Recall Bayes' theorem, for an hypothesis H given data D:

P(H ID) = P(D IH)P(H) .
P(D)

(4.17)

In this theorem, P(D) figures as a normalizing factor. Hence, it is convenient to rewrite
the equation as P(HI D) ex P(D IH)P(H). A goal of inference is to maximize P(HI D). The more
elaborate H in P(H) will be, the better the hypothesis will fit the data. But a more
elaborate hypothesis needs a larger description or is more complex. Below, arguments will
be given to show that an increase in complexity is penalized by a decrease in logical, or
prior, probability. Rissanen (1983) and Li and Vitanyi (1992) refer to this as Occam's
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(or Ockham's) razor (see Chapter 6.4 for a discussion).
The information-theoretic interpretation of -log2P(D IH) (where the logarithm has base

2) is the self-information, the number of bits needed to encode the data with an ideal
code relative to the assumed statistical model of the data (Rissanen, 1983, p. 418).
Maximum likelihood estimation, given a statistical model, is equivalent to minimizing the
code length of the observed data.

The model or hypothesis H can be parameterized bye, where possible values of e
should be encoded to integer values {1 ,2, ... }. Similarly, the data are represented by the
binary code x. The joint code length of data and model can be expressed by the term
l(x,e), which is the sum of the self-information and the bits required to encode the
parameters e, l( e):

l(x,e) = -logP(x Ie) + l(e). (4.18)

The first problem of algorithmic information theory is to see whether the respective code
lengths can be obtained, and whether a computer could process can process them. For the
latter purpose, I will briefly discuss the concept of a Turing Machine.

The Turing Machine (named after the Cambridge mathematician Alan Turing, 1912-1954)
is of particular importance for the construction of a universal prior that may be used
machine learning (the implementation of the automation of science). Such a machine, hence
forward denoted by TM, is a computer, which is fed with computer tape, the input, 'and
writes on an output tape (see Spear, 1989; Penrose, 1989). Turing (1936) invented this
device, which is an idealized but otherwise rather familiar version of current computers,
to attack Hilbert's Entscheidungsproblem (Hilbert's famous tenth problem, proposed in
1900). Hilbert's question was whether there does exist a universal algorithm to solve
arbitrary Diophantine equations (polynomials with a solution required to consist of
integers). The question has an origin in the medieval hopes of Raymundus Lullus (±1300)
to establish an Ars Magna, a general method of finding all possible truths. Hilbert's
programme was a more modest mathematical attempt: to establish an axiomatizable and
decidable system of mathematics (coincidentally, his sixth problem was the axiomatization
of probability theory). Gi:idel (in 1931) and Turing (1936) showed that, in general, this
programme is untenable (see below). Both authors make use of the theory of recursive
functions, which is formalized by means of the notion of a Turing machine.

The TM reads letters (from a finite alphabet, usually digitalized and represented by
strings) from an input tape and is able to write information to an output tape. The
alphabet is the information-theoretical analogy to the sampling space. The TM may also
have a work tape to which it can write and from which it can read. The memory of TM may
~~~~.~TM~~an~~~~~~~
letter (or bit) on an input tape. The hardware (the transition rules or control) of the
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computer determines the output that will be produced. The output may be a letter on the
memory tape, but also a move to a new place for further reading of the input tape. If the
Turing machine halts after a finite number of steps, then a computation is completed.
Alternatively, the Turing machine loops.

Every finite algorithm can be realized as a Turing machine. The Church-Turing theorem
(also known as Church's Hypothesis) states that finite algorithms define the set of
calculable functions. In other words, the concept of a Turing machine defines what we
mean by an algorithmic (also known as effective, or recursive) procedure.

Before continuing to the main topic of this section, the derivation of the
Solomonoff-Levin distribution, it is useful to introduce the incompleteness theorems of
Kurt Godel (1906-1978), which will be reconsidered in Chapter 9. Godel's first
incompleteness theorem states that there exist non-decidable problems (propositions which
cannot be proved either true or false) in systems of formal logic.20 Turing proved that,
within such a system, it is not possible to decide which propositions are of the non-
decidable kind (the halting problem). There exist functions for which there are no
algorithms that will systematically calculate the values of the function in question. The
intuition for this result is that the set of all Turing machines is at most denumerably
infinite, whereas the set of all functions from IN (the natural numbers) to IN is
uncountable. Not every function is, therefore, recursive. Spear (1989) applies these
notions to a problem of inductive learning in a rational expectations economy (see
Chapter 9.2.3).

A universal Turing machine, UTM, is a Turing machine that can mimic the behaviour of
any other Turing machine (see e.g. Peruose, 1989, pp. 51-57). Individual TM's may have
different hardware. These distinct configurations are identified by distinct numbers. The
UTM mimics the behaviour of any TM after it has been fed with the identifying number of
the machine to be mimicked. The UTM is the induction machine that is relevant for the
theory of universal priors.

4.5.3 Kolmogorov complexity
As alphabetical inputs to a TM are isomorphic to binary inputs (strings of {0,1},

denoted by {0,1}\ I will continue with the binary case. The universal prior is related
to the complexity of the input string, and this complexity depends on the shortest

20 In any formal system for arithmetic S, based on first-order logic, there will be a
sentence P of the language of S such that if S is ('omega-') consistent, neither P nor
its negation can be proved in S. The second incompleteness theorem of Godel is a
corollary of the first and meant the final blow to Hilbert's formalistic programme for
the foundations of mathematics. The second theorem states that the consistency of a
formal system of arithmetic cannot be proved by means formalized within that system. A
proof of this theorem was not given by Godel himself, but (among others) by Turing. See
also Van Dalen (1978).
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characterization of the string. Let x be a (finite) string, and lex) denotes the length

(the number of bits) of this string. For a given TM, (the program) p is said to be a

description of x if, on input p, TM provides x as output. Let the TM also have some extra

information y to generate x. Then the complexity measure of x is defined as follows (Li

and Vitanyi, 1992, p. 352).

Descriptive complexity. The descriptive complexity CTM of x, relative to TM and
y, is defined by

CTM(xly) = min{ l(P): p E {O,l}*, TM(p,y)=x }, (4.19)

where TM(p,y) =x denotes that Turing machine TM with inputs p and y halts with
output x.

The complexity is infinite by definition if the machine does not halt. It can be proved

that the minimal complexity does not depend on the choice of the TM (the proof is due to

Solomonoff, 1964, and can be found in Li and Vitanyi, 1992). More precisely, this

Invariance Theorem states that there exists a Universal (or reference) Turing Machine UTM
such that, for any other TM, there is a positive constant cTM such that for all strings

x, y, the descriptive complexity relative to the UTM and y satisfies the condition

(4.20)

Now, the conditional Kolmogorov complexity C(xly) is the minimized complexity of x given

y given some UTM (which Li and Vitanyi call the reference Turing machine). The

unconditional Kolmogorov complexity is defined similarly, but y is now the empty string

A further concept that is needed is self-delimiting (or prefix) complexity, which is

defined for a Turing machine with an indefinitely long input tape. This Turing machine is

different from the earlier one in that it stops reading the input tape at a certain

moment, after which it writes an output string. This TM is a so-called prefix-machine.

The idea of this concept is that a prefix-code allows the machine to identify particular

substrings. For example, if the machine receives as imputs a 'model' (hypothesis for

describing the data) and a set of observations, the machine should be able to separate

the two substrings representing model and observations.21 Prefix codes (codes that cannot

be prefix codes of other codes) are used for this purpose. A prefix code is a program, or

a binary representation of a model. The self-delimiting complexity with respect to the

Prefix Turing Machine, PTM, is defined as

KPTM(xly) = min{ l(P): p E {O,!}", PTM(p,y)=x }. (4.21)

21 A blank or a comma might do, but this violates the binary character of the system.
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If no input results in an output string (if no p exists), then the self-delimiting
complexity is defined to be infinitely large. Again, it can be proved that KPTM(x Iy) has
a minimum value. The unconditional complexities C(x) and K(x) differ by at most a factor
210g2K(x).

If complexity K(x) exceeds the length of the string x (i.e. K(x) > lex) ), then this
string is defined to be incompressible (or random, as such strings pass all statistical
tests for randomness, see also Chaitin, 1975).

4.5.4 The Solomonoff-Levin distribution
Solomonoff suggests to set the prior probability P(x) of the finite string x equal to

P(x) = L2"(P) (Rissanen implements this distribution in his theory of universal priors),

where the sum is taken over all programs p with UTM(P) = x. In other words, the prior
probability depends inversely on the complexity of the program (or hypothesis). A problem
is that this is an improper prior, because the summation does not converge. L.A. Levin
has shown that this problem vanishes for the prefix UTM. This gives

The Solomonoff-Levin distribution. The Solomonoff-Levin distribution on the
positive integers is defined by PUTM(x) = L T1(P) , where the sum is taken over
all programs p for which the prefix UTM outputs x.

From Kraft's inequality it follows that PUTM(X) :5 1 (see Li and Vitanyi. 1990). Hence,
unlike Jeffreys' distribution, the Solomonoff-Levin distribution is a proper one. An
interesting interpretation of this distribution is that it is a formalization of the
Jeffreys-Wrinch simplicity postulate: simpler hypotheses have higher prior probability
than more complex hypotheses (see Chapter 6.4). The Solomonoff-Levin distribution is not
computable, but it can be approximated by computable probability distributions. Which one
is chosen is somewhat arbitrary. Perhaps the best known approximation to the universal
prior has been proposed by Rissanen (see Chapter 6.4). The Maximum Entropy Principle can
be used for obtaining another approximation to the universal prior. Rissanen (1983)
argues, not surprisingly, that the maximum entropy prior is a special case of his
universal prior.

The direct interest for practical research in econometrics may seem limited at first
sight. The discussion of the universal prior distribution raises some interesting general
points, however. First, it shows the scope and limits of the automation of science, using
Bayes' theorem. The halting problem imposes a fundamental theoretical limitation to
cognition. Wiener (1961, p. 125) argues that 'All logic is limited by the limitations of
the human mind when it is engaged in that activity known as logical thinking.' The logic
of reasoning and learning from experience is subject to this limitation. Computable
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approximations to the universal prior of Solomonoff-Levin (such as the the prior
underlying the MDL principle) are available. The choice of the approximation is slightly
arbitrary and depends on the purpose of inference. If .perfect rationality' in inference
is unfeasible (because the required prior is not computable), research workers have to be
satisfied with 'procedural rationality', i.e. try heuristic methods that are believed to
work satisfactorily (see also Simon, 1986).

A second point of interest is the formalization of the simplicity postulate. It is
clear that we need such a postulate for a theory of inference. If simplicity would not
matter, an investigator should select the model that is perfectly compatible with the
data, i.e. the data itself. This simplicity postulate inspired some popular information
criteria that are used in time-series econometrics. Those criteria are often ad hoc.
Algorithmic information theory helps to establish sound foundations for such criteria.
Chapter 6.4 deals with this issue.

4.6 The automation of science

Section 4.5 dealt with the link between computer science and inference. It is
relatively straightforward to apply these ideas to problems of coin-tossing. Can more
complicated problems of inference be reduced to a computer program? Herbert Simon (like
Solomonoff, a student of Carnap while in Chicago) has worked towards this goal. In 1956,
he and Allen Newell invented a computer program that could prove theorems of symbolic
logic taken from Whitehead and Russell's Principia Mathematica: the Logic Theorist (see
Gardner, 1987, p. 146). I.J. Good (1965, p. 4) also argues that the goal of science is
the automation of inference. A fine example of machine learning, based using artificial
intelligence techniques, can be found in Langley, Simon, Bradshaw and Zytkow (1987).
These authors discuss a number of computer programs based on contemporary information-
processing psychology (cognitive science). The programs are able to derive, among others,
Kepler's laws, using non-substantive heuristic rules (i.e. these rules do not impose
theoretical restrictions that bear a direct relationship to the subject of study). Hence,
it is a data-driven approach for discovering empirical laws.

But it is doubtful whether these methods would work for discovery in economics.
Econometric inference is too much different from the inferences that have been
investigated by computer scientists and workers in artificial intelligence. Kepler's laws
are stable and, compared with relations in economics, extremely simple. Li and Vitanyi
have applied their methods to on-line handwritten Chinese character learning. This is a
problem that would be hard to solve with conventional methods. But such a problem is in a
number of ways incomparable to induction in economics. The complexity of economic
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problems exceeds the complexity of the problems discussed in Li and Vitanyi. Finding a
microcosm (an appropriate small world for particular problems of interest) in economics
may prove more difficult than finding a microcosm in problems that have been investigated
by computer scientists. The advantage of the methods of inference discussed above, like
the Maximum Entropy Principle, is that they suggest when a chosen 'small world' is
satisfactory .

The analogy between on-line handwritten character learning and economic inference
becomes more realistic if we imagine a writer who knows that a computer is trying to read
his handwriting. Then he might change his style of writing, for fun or to deceive the
computer. Economic agents will behave similarly in a number of situations, as I will
argue in Chapter 9. The economic universe may be such that the kind of inductive learning
discussed by Rissanen and Li and Vitanyi does not lead to convergence of knowledge to
some kind of objective 'truth', existing independently of our own knowledge and
behaviour. Whether it will ever be possible for a computer to anticipate this kind of
behaviour may be doubtful. Still, the computer may be able to trace the subject and
predict under the assumption that the pattern will be stable. If there is no reason to
expect otherwise, this assumption is the best you can make.

5. Summary

This chapter discussed a few different epistemological approaches to inference. All of
them are based on applying Bayes' theorem. Bayesian probability theory encompasses views
that vary in the analysis of limitations of the human mind. Necessarist theories,
following Keynes, Carnap, and to a lesser degree Jeffreys, are closest to an ideal type
of inference. Even the necessarists discuss cognitive limitations to human inference. In
particular, Keynes argues that quite often, a logical thinking human mind will be unable
to assign numerical probabilities to propositions. Instead of concluding that, therefore,
human behaviour has to be erratic and society is like a madhouse, Keynes argues that
human beings do and should rely on convention and custom.

A different angle has been chosen by the personalists, Ramsey, De Finetti and Savage.
They do not worry about the problem of assessing logically correct prior probabilities.
Instead, they regard priors as a matter of taste, and de gustibus non est disputandum.
Probabilistic inference is personal, objective probability does not exist. This seems to
introduce whims in inference, but those personal whims are constrained by a very tight
strait-jacket: coherency. Again, not a madhouse, but once you settled for a prior, you
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are in De Finetti's prison. Savage has made an effort to create an escape route, by
distinguishing small worlds (your personal prison) from the large world. He does not
clarify when it is time to escape, some suggestions into this direction are given in
Chapter 9.3.

Both logical and personal approaches to epistemological probability have been
criticized for their lack of scientific objectivity. If scientific inference depends on
personal taste or custom and convention, it looses much of its appeal. But objectivity is
as remote from the frequency approach as it is from the Bayesian approach to inference.
Taste (specification), convention (0.05) and idealization (hypothetical population,
infinity) are the cornerstones of frequentist inference. U. Good (1973) expresses this
feeling by the statement that

'The subjectivist states his judgement, whereas the objectivist sweeps them under
the carpet by calling assumptions knowledge, and he basks in the glorious
objectivity of science.'

Objectivity is not the real battleground between frequentists and Bayesians. Only
dogmatic frequentists claim that their method of inference is objective, this claim is no
more than a subjective belief. The real dispute between Bayesians and frequentists is
about pragmatic methods and the sensitivity to priors. For example, Efron complains that

'Bayesian theory requires a great deal of thought about the given situation to
apply sensibly. ( ... ) All of this thinking is admirable in principle, but not
necessarily in day-to-day practice. The same objection applies to some aspects of
Neyman-Pearson-Wald theory, for instance, minimax estimation procedures, and with
the same result: they are not used very much' (Efron, 1986, p. 2).

Simplicity of methods is important. Non-informative priors are useful ingredients in
Bayesian inference, and in this case, inference based on maximum likelihood inferences
quite often has a straightforward Bayesian interpretation. Apart from elaborating the
Bayesian philosophy of science, Jeffreys has made an effort to make Bayesian methods more
palatable, both as a pragmatic method, and as one that is not too sensitive on the choice
of priors. He suggests to circumvent Keynes' problem of absolute uncertainty by a system
of uninformative priors that improves upon the less satisfactory priors of Bayes and
Laplace. Jeffreys' system probably is the most important breakthrough in epistemological
probability since Bayes and Laplace. The theory of universal priors in this sense is a
small elaboration of Jeffreys' methods.

In practice, many econometricians interpret their work (which is obtained by using a
frequentist tools) in a Bayesian fashion. The temptation to attach probabilities to
hypotheses is hard to resist. This Bayesian interpretation of frequentist results is, to
some extend, justifiable by the asymptotic equivalence of many of frequentist and
Bayesian inferences. In the long run, the sample information dominates the prior
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information (Von Mises' 'second law of large numbers'). This Bayesian interpretation of
econometric inferences has some drawbacks. First, particularly in macro-econometrics, the
samples are small and relatively uninformative. The prior probability distributions do
matter, in this case. Secondly, the applications of the frequentist theory of hypothesis
testing, tend to take a significance level of 0.01 or 0.05 as natural constants, while
Bayesians claim that significance levels should vary with sample size. If this advice is
not accepted, then outcomes of frequentist and Bayesian tests will diverge in the long
run. Finally, inference on unit roots exemplifies a case where Bayesian methods are, from
a pragmatic point of view, more palatable than frequentists (see Schotman and Van Dijk,
1990; Sims and Uhlig, 1991). Perhaps it is no coincidence that this is an area where
Bayesian inference starts to become a close rival to non-Bayesian methods of inference.
This is also a clear example where the choice of prior probability distributions is
crucial.
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INFERENCE IN ECONOMETRICS



Chapter 5

THE PROBABILITY APPROACH AND ECONOMETRICS

Nothing except copulation is so enthralling
John Maynard Keynes, cited in Skidelski (1983, p.
220).

1. Introduction

In the first four chapters, I discussed the responses to the problem of Humean
skepticism. All responses, naturalism, conjecturalism and probabilism, end up being
dependent on some kind of probabilistic inference (this is, of course, most obvious in
the case of the probabilistic response). Exactly how to combine probability theory with
scientific inference is not clear: different interpretations of probability are presented
in Chapters 2 to 4. Of those interpretations, the frequentist one dominates econometrics
(in theory, at least, as econometric practice is quite a different story), while the
epistemological interpretation rules in economic theory and game theory. In this chapter,
I will discuss how the different notions of probability filtered into econometrics, and
whether the probability approach that has become popular in econometrics can and should
be extended to the methodology of economics in general.

The first point to be raised is how probability theory entered economic inference.
This is done by means of an illustration, i.e. the study of George Udny Yule (1871-1951)1
to pauperism in England (section 2). Probability theory also affected economic theory, in
particular in the analysis of economic expectations (section 3.1). This is used as a
'warming up' to show how two major contributors to twentieth century economics and
statistics, Keynes and Tinbergen, held different views on probability. In section 3.2, I
will present the clash between Keynes and Tinbergen on the econometric work of Tinbergen
as a clash of interpretations of probability. In section 4, more recent views on the
nature of economic data and their use in probabilistic models will be discussed, in

1 Yule studied engineering at University College London from 1887 to 1892. In 1893, he
was offered a 'demonstratorship' there by Karl Pearson. He obtained a post of lecturer at
the University of Cambridge in 1912. See Kendall (1971) for biographical details.
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particular those of Tjalling Koopmans (1910-1985) and Trygve Haavelmo (born in 1911)2,3
Section 5 provides a summary of the advent of probabilistic inference in economics.

The work of Tinbergen, Koopmans and Haavelmo is well described in Mary Morgan (1990).
She does not elaborate on the various interpretations of probability theory that underlie
the work of these authors (and more recent contributors to the debate). In this sense,
the following discussion complements her work on the history of econometrics.

2. Regression intrudes into economics

Many of the great economists have written on the theory of probability. In Chapter 4, I
discussed the work of Keynes at length, but I could have elaborated on the views of Hume,
John Stuart Mill, Jevons, Edgeworth, Coumot, Hotelling, Harrod, Shackle and others as
well. Coumot, Yule and Hotelling are among the statisticians who have been active in
discussing economic problems. In this section, I will briefly discuss some early
contributions to statistical inference in econometrics.

2.1 Curve fitting
Jevons' book on logic, The Principles of Science, A Treatise on Logic and Scientific

Method, was widely used (see the essay on Jevons, in Keynes, 1972, pp. 142 and 145).
Keynes describes Jevons as one of the first economists to make systematic use of
statistics for inductive purposes.f

'it was a revolutionary change, for one who was a logician and a deductive
economist, to approach the subject this way. By using these methods Jevons
carried economics a long stride from the a priori moral sciences towards the
natural sciences built on a firm foundation of experience. But the material of
economics is shifting as well as complex. Jevons was pursuing a singularly
difficult art, and he has had almost as few successors as predecessors, who have
attained to his own level of skill.' (Keynes, 1972, p. 127).

Jevons, the statistician, is not a statistician in the modem sense of the word. His
contribution lies in gathering data (time series on prices and other economic variables)

2 Koopmans, who studied physics and mathematics in Utrecht (The Netherlands), wrote a
dissertation on econometrics under supervision of Tinbergen (Koopmans, 1937). After a
short stay at the League of Nations, he moved to the USA in 1940, where he joined the
Cowles Commission in 1944.
3 Haavelmo was a student of Frisch. In 1939, he moved to the US where he stayed till
1947. During the 1943-1947 period, he was research associate at the Cowles Commission.
While in the US, he had contacts with Neyman, Wald and many other statisticians.
4 This quotation is from Keynes' lecture, read before the Royal Statistical Society in
1936.
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and interpreting them (see also the review of Edgeworth on Jevons' efforts to classify
data, in: Stigler, 1986, p. 308). These interpretations do not rely on the methods of
statistical inference available since the writings of Laplace and Gauss. Real efforts to
combine probability theory with economic inference were rare until the begin of the
twentieth century. The eminent historian of statistics, Stephen Stigler (1987), suggests
that two failures may have disappointed social scientists in applying probabilistic
inference earlier than they did. These disappointments are the experiences of the Belgian
statistician Adolphe Quetelet (1796-1874) and the German economist Wilhelm Lexis (1837-
1914). According to Stigler, the main difficulty for applying statistical inference in
the social sciences was the problem of classifying data in homogeneous groups. Such
homogeneous groups are categories for which the major influential factors can be
considered constant, and where residual variation is due to chance. Even for elementary
examples homogeneity can be problematic. The number of deaths in rural areas might not be
homogeneous with those in cities, for example. The problem for the social sciences is
that there is no a priori rule for the classification of homogeneous groups. This is also
Keynes' complaint of econometrics: in many cases, there is no reason why one should
regard a sample as homogeneous.f It is a problem for which, in the social sciences, there
is no logical solution.

Quetelet has fit normal probability distributions, 'normal curves,' to many empirical
social data, such as the length of different groups of the population. He argues that if
a normal curve is observed, it must be due to a constant cause and random fluctuations of
independent accidental causes (a reversal of Laplace's central limit theoremj.v But
Quetelet exaggerated the prevalence of the normal law. He reports normal curves for alI
kinds of classifications, to such a degree that his efforts to find normal curves
discredited their application to the social sciences. Edgeworth nicknamed this
'Quetelismus' (see Stigler, 1986, p. 203). The positivist Comte concluded from Quetelet's
efforts that applying statistics to the social sciences yields a chimera and should be
rejected. Social statistics was not a respectable research topic, Quetelet 'prevented

5 An early example is Keynes' quarrel with Karl Pearson. In 1910, Pearson studied the
effects of parents' use of alcohol on their children's health, and found no such effect.
Keynes objected and argued that Pearson's results were nearly worthless: Pearson's
samples were not representative for the whole population and the homogeneity of the
population was questioned. See also Skidelski (1983, pp. 223-6), who suggests that
Keynes' criticism of Pearson resulted as much of his Victorian disagreement with
Pearson's conclusions, as of legitimate statistical criticism.
6 Quetelet met Laplace and Poisson during a visit to Paris in 1823. Since then, he became
interested in applying statistics to social phenomena. See Keynes (1921, p. 366). Keynes
(1921, p. 367) describes Quetelet as 'the parent of modem statistical method', but also
as one who made the mistake of treating his findings on social statistics as being as
adequate as the laws of physics, needing no further explanation. As a result, 'There is
still about it for scientists a smack of astrology, alchemy.'
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probability from becoming, in the scientific salon, perfectly respectable. There is still
for scientists a smack of astrology, of alchemy.' (Keynes, 1921, p. 367). The basic
problem is that Quetelet did not know that a compounding of normal distributions results
in another normal curve: this was discovered by Francis Galton (1822-1911). The
'quincunx', or Galton's Board, is Galton's physical device to demonstrate his discovery
(see Stigler, 1986, pp. 276-280 for discussion and illustrations, and Chapter 10, Section
4.2.2 for Von Mises' use of it for analyzing cause and probability). Galton's discovery
has been very important for justifying the application of probabilistic inference to the
social sciences.

2.2 Regression and multiple correlation

George Udny Yule is the inventor of the multiple correlation technique (Stigler,
1986, p. 354), without which econometrics would not have come to existence. Yule is not a
philosopher of probability, as are Karl Pearson, Fisher, or Von Mises. He uses
frequencies as the starting point of inference, but does not expand on the relative
frequency interpretation of probability. His primary interest is statistics (how to
calculate correlation coefficients, etc.). One of Yule's most important accomplishments
is to connect the method of least squares (known since the work of Legendre of 1805; cf.
Stigler, 1986, p. 12) to Galton's regression model of conditional expectation (Stigler,
1986, pp. 285 and 295). This is done in a paper 'On the theory of correlation', published
in the Journal of the Royal Statistical Society of 1897. Yule's synthesis has been used
by Tinbergen in his pioneering econometric investigations, and by many applied
econometricians since. The linear (least squares) regression model probably still is the
most widely used technique of statistical inference in economics.

2.2.1 Least squares
The method of least squares was invented in 1805 by Adrien Marie Legendre (1752-

1833), who used it in order to fit data of the orbits of comets to (linear) equations)
Consider a vector of observations y (nxl), that is related to the matrix of observations
X (nxk). Legendre's problem (in modern notation) is to obtain a system of equations Yj =

x;f3 + uj' i = 1, ... ,n, 'to be determined by the condition that each value of uj is reduced
either to zero, or to a very small quantity.' (Legendre, quoted in Stigler, 1986, p. 13).
The problem becomes intricate if number of equations (observations) is larger than the
number of unknown parameters (Legendre views no problem if n=k). Legendre proposes to

7 Legendre was successor of Laplace at the EcoLe Militaire and Ecole NormaLe.
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decide the problem by the method of 'moindres quarres':

'it consists of making the sum of the squares of the errors a minimum. By this
method, a kind of equilibrium is established among the errors which, since it
prevents the extremes from dominating, is appropriate for revealing the state of
the system which most nearly approaches truth.' (Legendre, quoted in Stigler,
1986, p. 13).

Legendre proposes to minimize u'u, this yields the familiar least squares solution,

(5.1)

Legendre aims at approximating 'truth', but his setting is non-stochastic and his problem
is not related to probabilistic inference. No interpretation of probability is needed in
order to apply the method of least squares. The terminology 'least squares estimation'
is, therefore, somewhat misleading, although today generally accepted.

The probabilistic context is provided by Carl Friedrich Gauss (1777-1855). Gauss is a
second contender for being named as inventor of the method of least squares, but this
claim seems to be unwarranted.f His true contribution has been to provide a probabilistic
argument which, surprisingly, yields the same result as Legendre. Gauss (1809) studies a
similar practical problem as Legendre (orbits of planets), but argues that the errors to
the set of linear equations must have a probability distribution. This distribution
should be symmetric, have its maximum uj equal to zero, etc. From these conditions, Gauss
postulates the normal distribution, which today is also known as the Gaussian
distribution. Gauss shows that the estimators that follow from his approach coincide with
the least squares approximation. In a later publication, Gauss provides the basic
ingredients of what now is known as the Gauss-Markov theorem (see e.g. Stigler, 1986, p.
148). Gauss deserves being named as the inventor of least squares estimation: he provides
a probabilistic foundation to the methods of least squares, and uses it for probabilistic
inference (including Bayesian inference). Even today, the method of least squares is very
popular in econometrics, although this popularity did not emerge until the turn of the
century. Of course, least squares is just one tool that can be applied in problems of
estimation. One can choose other criteria to minimize (e.g. the minimum absolute
deviation estimator), and other methods, such as the method of moments (due to Karl
Pearson) and the likelihood approach (Fisher's maximum likelihood, Jeffreys'

Bayesianism) .

8 Spanos (1986, p. 448) attributes the method of least squares to Gauss, with a quotation
of Gauss, dating 1794. This quotation is not backed up in Spanos' list of references.
This is probably a slip of the pen, as Spanos (1986, p. 253) gives the historically
correct references. The priority dispute between Gauss and Legendre is described in
Stigler (1986, pp. 145-6).
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2.2.2 Regression
The term 'regression' is due to Galton, who compares the heights of children with the

heights of their parents. Galton finds a positive relation between both variables, but
that there also is a 'regression to mediocrity' (movement to the average, i.e. the slope
of Galton's regression line is between 0 and 1; see Stigler, 1986, pp. 294-295; Yule,
1929, pp. 175-177). This finding in itself is of little interest for contemporary
econometrics, apart from our inheritance of the name 'regression'. The interesting point
of Galton's investigations is his application of the normal distribution for studying the
association between two random variables. He uses the same bivariate regression model for
many other phenomena as well. His subsequent innovation is 'correlation', a topic that
has been picked up by Pearson and Yule.

Today, regression is usually associated with conditional expectations. This step is
made by Edgeworth, a distant cousin of Galton. Edgeworth made use of the multivariate
normal distribution. In this case, the regressors are considered as given (non random)
variables.

2.2.3 Yule, pauperism and least squares regression
Yule not only is a founder of multivariate regression, but also the first one to

apply it to economics. This short episode in the history of econometrics is not discussed
in Morgan (1990), but can be found in Stigler (1986, pp. 352-357). In the 1897
correlation paper, Yule estimates a linear model, using the method of least squares.
Linearity and least squares are used 'solely for convenience'. In a paper that expands on
the example used in his correlation paper, Yule (1899)9 investigates the effect of social
security (out-relief) on poverty (pauperism). The study is based on data from 1871 to
1881. Simply calculating the correlation between out-relief and pauperism would not do.
First of all, Yule takes relative changes (see also the discussion on nonsense-
correlation, below). Secondly,

'the association of the changes of pauperism with changes in the proportion of
out-relief might be ascribed either to a direct action of the latter on the
former, or to a common association of both with economic and social changes. But
now let all the other variables tabulated be brought into the equation, it will
then be of the form-

change in pauperism =
a + b x (change in proportion of out-relief)
+ c x (change in age distribution)

9 For this publication, I rely on the extracts presented in Stigler (1986). Yule still
uses the data on pauperism in his textbook on statistics (1929, pp. 92-3) to illustrate
skew frequency curves, and to explain the method of correlation (1929, pp. 182-185, and
pp. 239-247).
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+ d x}+ e x changes in other economic, social, and moral factors.
+ fx

Any double interpretation is now-very largely at all events=excluded, It cannot
be argued that the changes in pauperism and out-relief are both due to the
changes in age distribution, for that has been separately allowed for in the
third term on the right; b x (change in proportion of out-reliet) gives the
change due to this factor when all the others are kept constant.' (Yule, 1899, p.
251, cited in Stigler, 1986, pp. 355-6; emphasis in original).

Multiple correlation is the way to deal with the ceteris paribus clause, so well known in
economics. In the empirical equation that Yule finally presents, he 'regresses' the
change of pauperism on a constant, the change in proportion of out-relief and the change
in the proportion of old people.U'

Yule's study provoked a critique by Arthur Cecil Pigou (1877-1959), who testified in
a 1910 memorandum to a Royal Commission on poor law reform. This memorandum contains a
section on 'The Limitations of Statistical Reasoning'. It is remarkable that Stigler
(1986) has been able to spot this memo. Pigou complains that

'some of the most important influences at work are of a kind which cannot be
measured quantitatively, and cannot, therefore, be brought within the
jurisdiction of statistical machinery, however elaborate. ' (Pigou, quoted in
Stigler, 1986, p. 356).

In fact, Pigou claims that Yule's results are without value, due to omitted variables.
The ceteris paribus do not apply. Although Pigou points to an omitted variable
(management quality of social security administrations), he does not substantiate his
claim that this variable really does account for some of the results. Pigou's critique
did not provoke a reply by Yule. In the exposition on correlation in Yule (1929), Pigou
is not mentioned.

Yule's investigation of pauperism is nearly completely forgotten today, but his
methods of inference are not. Stigler suggests that only after the introduction of
multivariate regression techniques, the classification problem stopped to be a stumbling
block for the applications of probability techniques for the 'measurement of uncertainty'
in the social sciences. This is overly optimistic, though. When discussing 'Professor
Tinbergen's method', Keynes, for example, still objects to applying multiple correlation
to the social sciences,

'the main prima facie objection to the application of the method of multiple
correlation to complex economic problems lies in the apparent lack of any
adequate degree of uniformity in the environment' (Keynes, 1973, p. 316)

10 The numerical findings of Yule (1899), reported in Stigler (1986, p. 356), are somewhat
different from the estimates in Yule (1929, p. 245).
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Multivariate regression techniques took a high flight in economics in the twentieth
century. Since the work of Yule, regression is usually interpreted as mean regression,
although recently regression is used in a much broader sense (see Manski, 1991, for a
survey of modem regression methods; K. Pearson pioneered non-linear regression-see
Yule, 1929, pp. 202 and 209 for brief discussion and references to Pearson). Early
breakthroughs occurred in agricultural economics (in particular due to Henry L. Moore and
Mordecai Ezekieli.U consumer demand analysis (see Chapter 7) and business cycle research.
In Section 3.2, I will discuss some issues related to the latter. Before doing so, I will
briefly tum to two well known problems of statistical inference: spurious correlation
and nonsense correlation.

2.3 Spurious- and nonsense correlation

Spurious correlation is a term introduced by Karl Pearson in 1897 where he discusses
correlation between indices (see Yule, 1929, p. 226, for references). A good introduction
to the problem is given by Neyman (1952, pp. 143-150), who discusses the famous
statistical discovery that storks bring babies. Neyman attributes it to 'an inquisitive
friend' (possibly an alter ego). The problem is straightforward. A sample of raw data for
54 counties is given, presenting for each county the number w of fertile women, the
number of storks, s, and the number of births in some period, b. As the number of births
is likely to be higher in larger counties, where more storks as well as fertile women
live, regressing b on s will not yield a correct inference. One should correct for county
size. This is done by creating the transformed variables x = s/w, and y = b/w. These
variables are clearly correlated in Neyman's sample. Of course, the correlation is not
very 'plausible' . Karl Pearson invented the adjective spurious for these type of
correlations. Neyman has proposed (rightly, though in vain) to speak of a spurious method
rather than spurious correlation, as the problem of an inference like this one is the way
that the variables are adjusted for county size: the variables x and y depend on a common
third variable, w, the correlation is real. One should eliminate the influence of this
third factor before making inferences like 'storks bring babies'. This can be done along
the line proposed by Yule, when he introduced his method of multiple regression (see

11 Moore (1869-1958) is a true pioneer of econometrics. Moore, a student of Karl Pearson,
also was involved in statistical analysis of demand and business cycles (see Chapter 7
for further references). The agricultural economist Ezekiel (1899-1974) worked on the
development of regression techniques. He is known for curvilinear regression (see Fox,
1989, for some biographical notes) and author of a textbook on regression (Ezekiel,
1930). The work of figures like Moore and Ezekiel were an important source of inspiration
to Tinbergen.
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Spanos, 1986, for an elaborate discussion of the omitted variable argument).
Spurious correlation is distinct from Yule's nonsense correlation. Nonsense

correlations is the standard terminology for high correlations between independent but
integrated (highly autocorrelated) time series.12 Yule (1926) is commonly cited as the
first paper on nonsense regression, but Yule and other statisticians were aware of
nonsense correlation long before (Yule's study on pauperism uses relative changes, for
example; Yule, 1921, discusses the issue in the context of differencing and detrending
time series).13 Yule (1926) observes that there is a very high correlation between
standardized mortality per 1000 persons in England and Wales, and the proportion of
Church of England marriages per 1000 of all marriages, if the period 1866-1911 is
investigated. He argues,

'Now I suppose .it is possible, given a little ingenuity and goodwill, to
rationalize nearly anything. And I can imagine some enthusiast arguing that the
fall in the proportion of Church of England marriages is simply due to the Spread
of Scientific Thinking since 1866, and the fall in mortality is also clearly to
be ascribed to the Progress of Science; hence both variables are largely or
mainly influenced by a common factor and consequently ought to be highly
correlated.' (Yule, 1926, p. 2).

Yule is not satisfied with this explanation, of course. He shows that the high and
significant correlation between the two variables is entirely due to the autocorrelation
of the time series (this is the important new insight of the 1926 paper).

Yule is interested in causal inference (unlike his tutor, Karl Pearson-see Chapter
10.3.2). Hence, he does not want to interpret the problem as one of spurious correlation,
where a third 'causal factor' (in Yule's words) is ignored, as it is not correct to
'regard time per se as a causal factor' (Yule, 1926, p. 4). The real problem, Yule
argues, is that the time series that yield this nonsense correlation do not in the least
resemble 'random series as required' (op. cit., p. 5). It is autocorrelation, lack of
randomness, that generates nonsense correlation. How to deal with autocorrelation remains
a controversial topic, even today. The frequentist interpretation of probability runs
into severe problems if time series are 1(1) (see e.g. Sims and Uhlig, 1991). Whether it
is necessary to detrend, difference, or otherwise filter economic time series is not

12 Granger and Newbold (1974) diverge from this habit, by using the phrase spurious
regression for the problem which Yule discusses as nonsense regression. Spurious
correlation and nonsense correlation are not unrelated, as a historical example shows.
Yule (1921, p. 503) cites from a paper of Beatrice Cave and Karl Pearson, published in
1914, where they discuss 'the spurious correlation arising from x and y being both
functions of the time'. In this case, time is a third, omitted, variable on which both x
and y depend. Here, nonsense correlation becomes a special example of spurious
correlation.
13 This paper argues against differencing or further filtering, as proposed by 'Student',
and in favour of detrending.
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obvious. Hence, it is no surprise that the topic emerged as one of the points of
controversy between Keynes and Tinbergen.14 I will now tum to the views of Keynes and
Tinbergen on probability and econometric inference.

3. Probability, expectations and inference

The debate between Keynes and Tinbergen on applying the statistical method to economic
problems has become famous. Some view Keynes' objections as the tragic or dogmatic
misunderstandings of a man from the old generation, who was not able to see how
Tinbergen's revolution could contribute to the development of (Keynesianl, they say)
economics. It is true that, occasionally, Keynes is misinformed on what Tinbergen
actually does. But on fundamental issues, Keynes is entirely consistent with his earlier
writings on probabilistic inference, discussed in Chapter 4. In the next section, I will
relate Keynes' conceptions to the theory of expectations in economics, to which Tinbergen
also contributed. The differences that appear on this occasion are essentially the same
ones that separate Keynes and Tinbergen on econometrics.

3.1 Keynes and Tinbergen on expectations'S

3.1.1 Keynes and the logic of expectations
According to the Post-Keynesian school of economic thought, Keynes' major

contribution to economic theory was not the analysis of an economy with fixed prices (as
the mainstream neoclassical synthesis suggests), but his introduction of uncertainty into
economics. Indeed, the General Theory contains many references to uncertainty and
expectations. A number of these references give the impression that Keynes already
foreshadowed some insights related to rational expectations and 'speculative bubbles.'
However, it would be wrong to argue that Keynes really had a theory of expectations
formation in economics, or it must be the theory that such a theory is impossible.

This emerges from Chapter 12 of the General Theory, which discusses 'The state of
long term expectation'. It contains the famous beauty contest metaphor to illustrate some
problems of an investor (see Chapter 4.2 above for further discussion, in particular for

14 Differencing and detrending have remained popular in econometric practice, although
with the emergence of VAR-econometrics and co-integration, new arguments against these
practices have been proposed (see Chapter 6).
15 Sections 3.1-3.3 are partly based on Keuzenkamp (1989; 1991).
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the relation to the Treatise on Probability):

'It is not a case of choosing those which, to the best of one's judgement, are
really the prettiest, nor even those which average opinion genuinely thinks the
prettiest. We have reached the third degree where we devote our intelligences to
anticipating what average opinion expects the average opinion to be. And there
are some, I believe, who practice the fourth, fifth and higher degrees.' Keynes,
1936, p. 156)

The investor will not be able to apply probability arithmetic to guide his decisions.
Instead, the economic agent has to fall back on a convention, that the existing state of
affairs will continue indefinitely (Keynes, 1936, p. 152). Keynes rejects rationalizing
decisions by means of the indifference argument (which results, in a state of ignorance,
in a uniform probability distribution), because it leads to 'absurdities' (1936, p. 152;
presumably, Keynes refers to Bertrand's paradox). Hence,

'our existing knowledge does not provide a sufficient basis for a calculated
mathematical expectation.' (Keynes, 1936, p. 152)

But his analysis also deals with non-speculative cases. It is simply human nature that
invalidates mathematical treatment of expectations:

'Even apart from the instability due to speculation, there is the instability due
to the characteristic of human nature that a large proportion of our positive
activities depend on spontaneous optimism rather than on a mathematical
expectation, whether moral or hedonistic or economic. Most, probably, of our
decisions to do something positive, the full consequences of which will be drawn
out over many days to come, can only be taken as a result of animal spirits-of a
spontaneous urge to action rather than inaction, and not as the outcome of a
weighted average of quantitative benefits multiplied by quantitative
probabilities.' (Keynes, 1936, p. 161)

Keynes continues:

'We should not conclude from this that everything depends on waves of irrational
psychology. On the contrary, the state of long term expectation is often steady,
and, even when it is not, the other factors exert their compensating effects. We
are merely reminding ourselves that human decisions affecting the future, whether
personal or political or economic, cannot depend on strict mathematical
expectation, since the basis for making such calculations does not exist; and
that it is our innate urge to activity which makes the wheels go round, our
rational selves choosing between the alternatives as best as we are able,
calculating where we can, but often falling back for our motive on whim or
sentiment or chance.' (pp. 162-3).

Keynes' objection to using probabilistic inference for economic analysis dates back
to the Treatise on Probability. Keynes interprets probability as a degree of belief,
which in most cases is only partially ordered.

'Statistical technique tells us how to 'count' the cases when we are presented
with complex material. It must not proceed also, except in the exceptional case
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where our evidence furnishes us from the outset with data of a particular kind,
to turns (sic) its results into probabilities; not, at any rate, if we mean by
probability a measure of rational belief.' (Keynes, 1921, p. 428).

According to Keynes, economic data are not of this particular kind. In a
correspondence with his former pupil, Hugh Townshend, Keynes makes his objections to a
formal probabilistic theory of economic expectations more explicit.U'

The published work of Townshend consists of a few book reviews in the Economic
Journal from 1937 to 1939, and a 'note' in the EJ (1937). Apart from this note and
reviews, a number of letters from and to Keynes survive. In spite of Keynes' misgivings,
Townshend tries to find out whether it is possible to construct a positive theory of
expectations formation. In a critical review of Shackle's Expectations, Investment and
Income (Townshend, 1938), Townshend clearly expresses Keynes' views:

'I do not feel sure that the treatment of an economic expectation as uniquely
correlated with a value will stand logical analysis without modification. For
example, Mr. Shackle's concept of "equivalent certainties", ingenious and
interesting as it is, seems to me to imply that the weight of evidence
subjectively associated with a judgement of probability can be expressed
numerically as a probability of a (numerical) probability. The logical objections
to this view have been pointed out by Mr. Keynes in his Treatise on Probability.'
(Townshend, 1938, p. 523).

The review of Hawtrey's Capital and Employment also provides a criticism in the
Keynesian mode. First, Townshend describes how Hawtrey assumes that producers make
perfectly right decisions. Then:

'If Mr. Keynes is right, there is no unique set of perfectly right decisions. For
the most profitable decision for one producer depends on what others, including
consumers, do; and what they do depends on what he expects to happen. There is of
course a "right decision" for anyone producer, in the sense of the course which
will maximize his profits if the others (and the consumers) do what he expects
them to do on the best information available to him. ( ... ) The mechanical analogy
(e.g. of Virtual Work, which Mr. Hawtrey cites from Jevons) breaks down; as it
surely must, if prices are influenced, through-liquidity premium, by mere
expectations. (If one must have a mechanical analogy, I suggest the case of the
impossibility of applying the general Hamiltonian equations to solve a problem in
dynamics where the system includes non-homologous forces!).' (Townshend, 1937, p.
325)

Despite these critical remarks, Townshend is willing to consider a probabilistic
theory of economic expectations. In an elaborate letter to Keynes, dated November 25th,

16 After taking a first in math in Cambridge (1912), Townshend had been with Keynes while
preparing for civil service examinations in 1914. By this time, Keynes had almost
finished the manuscript of the Treatise and Townshend was familiar with the ideas that it
contained. In the thirties, Townshend worked at the British Post Office, where he was
involved in short and medium term forecasting of the Post Office Telephone revenue. See
Townshend's letter to Keynes (Keynes, 1973, p. 247), and the note by the editor of the
Collected Writings, Donald Moggridge (same volume, p. 235).
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1938, Townshend wonders whether it is possible to surmount the logical problem of finding
numerical probabilities for fundamentally uncertain factors)7 The letter that Townshend
writes is interesting from the beginning to the end, but its essence comes through in the

final paragraphs.

'I believe that its further logical analysis at a deeper level of generalization
is connected with the part played by the weight of evidence in your theory of
probability; but I cannot see just how. The connection in my mind comes about
through the contrast with the conditions of the mathematical theory of
probability appropriate to timeless games of chance, where in some way conditions
not indefinitely repeatable are abstracted from. (... ) All this, of course,
leaves open the question whether, as you suggest in your letter, it may not be
possible to develop a logical doctrine of equivalent certainties free from the
assumption of numerical probabilities, and perhaps of wider than economic
application. I am only maintaining that this has not yet been done. It also
leaves out of account the element of arbitrariness in judgements of probability,
to which you refer.' (Townshend, in: Keynes, 1979, pp. 292-293).

In response, Keynes (1979, p. 294) writes:

'Generally speaking, in making a decision we have before us a large number of
alternatives, none of which is demonstrably more "rational" than the others, in
the sense that we can arrange in order of merit the sum aggregate of the benefits
obtainable from the complete consequences of each. To avoid being in the position
of Buridan's ass, we fall back, therefore, and necessarily do so, on motives of
another kind, which are not "rational" in the sense of being concerned with the
evaluation of consequences, but are decided by habit, instinct, preference,
desire, will, etc.'

Keynes was unwilling to accept a rational expectations hypothesis in the sense of Muth
(1961): 'we should be very chary of applying to problems of psychical research the
calculus of probabilities' (1921, p. 334). The digression on probability and expectations
is important for understanding Keynes' critique of 'Tinbergen's method'. The reason is
that, especially in business cycle phenomena, expectations are very important (this is
one of the punch lines of the General Theory). Expectations determine investment,
investment determines the business cycle. If expectations cannot be modelled with
probabilistic relations (they are not independent of time and place), then this applies
to investment as well. Economics, or at least business cycle phenomena, is beyond the
domain of probabilistic inference-as Tinbergen came to hear. Before discussing the
econometric debate, I will pause shortly with Tinbergen's analysis of expectations.
Unlike Keynes, Tinbergen does not see any problem in using probability techniques to

model expectations.

17 The letter is a response to a letter of Keynes, 27 July 1938, in which Keynes writes:
'( ... ) a main point to which I would call your attention is that, on my theory of
probability, the probabilities themselves, quite apart from their weight or value, are
not numerical.' (in Keynes, 1979, p. 289).
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3.1.2 Mathematical expectation
Tinbergen's 1932 paper, Ein Problem der Dynamik, is the first that explicitly uses

rational expectations in an economic model. Tinbergen does the thing that Keynes and
Townshend, some six years later, discuss, apparently not knowing of Tinbergen's work in a
German journal. He explicitly assumes that expectations of economic agents are rational
('verniinftig'): they should be consistent with the relevant economic model (1932, p.
172). Tinbergen makes the crucial assumption that these subjective expectations coincide
with the objective expectations:

'In certain cases-which probably will be the most fruitful ones for
analysis-one can replace these "expectations" by economic-theoretical deductions
(durch wirtschaftstheoretischen Deduktion), certain constants or real variables.
For example, in case of a random variable, the rational expectation is the
mathematical expectation (so ist die vemiinftige Erwartung die mathematische) and
therefore a certain constant. Another example is a variable that is the
realization of a certain law, to some degree of approximation. This expectation
can be replaced by a series, in which the current value of the variable and its
derivatives with respect to time are used.' (p. 172)18

Tinbergen applies this insight to a model of dynamic inventory allocation with
stochastic harvests. Tinbergen probably never read Keynes' Treatise on Probability, but
he was familiar with two standard works on probability theory, of Czuber (Die
Statistischen Forschungsmethoden, published in 1921), and Tschuprow (Grundbegriffe und
Grundprobleme der Korrelationstheorie). Furthermore, he was acquainted with Yule's
writings (see the references in Tinbergen, 1927).

The inventory model itself is not of particular interest here (see Keuzenkamp, 1991,
for discussion). Some of Tinbergen's conclusions are, though. The first is that, in a
situation of uncertainty, lags should be included in statistical equations of an economic
model. In particular, current realizations of economic data (in particular, agricultural
prices and stock prices) are good forecasts of future realizations (this is empirically
vindicated in Tinbergen, 1933). In his later work in building dynamic macro-economic
models Tinbergen does not refer to his theory of expectations. On one occasion, however,
there is a hint. Expected profit is an important factor in his empirical explanation for
investment, but no use is made of a rational expectations theory to defend the use of
profit and profit lagged as proxies for expected profit. However,

'It could be asked whether profit expectations rather than past profits should be
considered as determinants of investment. In principle this is no doubt correct,
but it seems to me that the chief factors in expectations are the actual profits
that have been made.' (Tinbergen, 1937, p. 25)

18 The constancy to which Tinbergen refers results from an implicit assumption of a
serially uncorrelated Gaussian process of the disturbances to the system, in which case
the constant is the expected value or the mean of the stochastic variable.
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With this remark, we come to Tinbergen's work on business cycles. Before jumping into the
controversy that resulted with Keynes, I will discuss one other line of statistical
research, which is related to Tinbergen's, that prevailed during the same period

3.1.3 Expectations, statistics and the barometer
During the prewar years, empirical statistical research in economics started to

become increasingly important. One of the most interesting research areas was
expectations, and the first statisticians made an effort to use their statistical methods
for economic forecasts.

Among those statisticians there are two groups that can be distinguished. First of
all we have the agricultural ones, who not only estimated demand functions, but also were
interested in analyzing the dynamics of agricultural prices. The hog cycle (or pig cycle)
and the cobweb model are fruits of their research (see Keuzenkamp, 1989, for discussion).

The second group consists of stock market analysts. Good forecasts could be used for
stock market trading, and in 1932, Econometrica gained necessary financial support
because of the anxiety of the president of an investment counselling finn to improve his
predictions of stock market prices: Alfred Cowles (see Hildreth, 1986). Remarkably,
neither of these groups applied probability theory to their investigations. Statistics
was: presenting data, summarizing them (in 'barometers' and diagrams), but the shaky
bridge to probability theory, used by Tinbergen, remained untrod.

Consider the stock market analysts. One of them is Karl Karsten, Director of Research
of the Karsten Statistical Laboratory. He is author of a handbook for the stockbroker
(Karsten, 1931). In this book he uses the techniques of 'barometers', popular at Harvard
and the NBER (see for a reinterpretation of its performance, Dominguez et al., 1988).19

Karsten is fairly optimistic about his abilities to make prognoses, but, he has to admit,

'at the present time this investigation can not account for economic changes
which are wholly due to the element of mob-, crowd- or herd-psychology.'
(Karsten, 1931, p. 23)

In general, however, the conclusion is that these psychological factors are relatively
unimportant, which leads him to support 'economic determinism'. There is only one
exception ... the stock market (op. cit., p. 26). Of course it is not surprising that the
stock market analyst, Karsten, is modest with claims about stock market prediction,
shortly after the unexpected crash of 1929. The crude statistical tools of extrapolation
failed to predict these unstable phenomena, as his colleague, Cowles, knew.

Cowles not only contributed money but also a paper to the first volume of

19 Already in 1924 and 1926, Karsten contributed two papers to the Journal of the American
Statistical Association on the barometer approach.
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Econometrica. The paper, on the question 'Can Stock Market Forecasters Forecast?,' is
skeptical about the forecasting performance of his contemporaries who relied on
extrapolation techniques. Cowles, therefore, advocates more research in statistics and
prediction, rather than concluding that there is a logical problem a la Keynes. The
Cowles Commission owes its existence to Cowles' disagreement with (and, perhaps,
ignorance of) the Keynesian interpretation of probability.

3.2 Keynes versus Tinbergen: two views on probability

3.2.1 Keynes, the statistician
Keynes and Tinbergen never discussed their views on the relation between economic

expectations and probability theory. Instead, the clash between the two is due to an
invitation by the League of Nations to Keynes: to comment on Tinbergen's commissioned
work on business cycle analysis. Occasionally, Keynes' critique of Tinbergen's method is
understood as anti empirical or anti statistical. This does no justice to his views. He
enabled the appointment of Karl Pearson's student George Udny Yule to a lectureship in
statistics in Cambridge in 1912 (Skidelski, 1983, p. 222). As editor of the Economic
Journal, he accepted statistical investigations, using multiple correlation techniques
(although not on business cycle phenomena). In 1939, he helped to found the Cambridge
Department of Applied Economics which, among other things, pioneered in the compilation
of national accounts (Richard Stone would become its director in 1946).

Not only did Keynes support the collection of data, he even was tempted by the
statistical analysis of economic data himself-although this may be regarded as a
youthful sin. This occurred when Keynes was working on the Treatise on Probability and
was employed at the London India Office. In his first major article, published in the
Economic Journal (,Recent economic events in India', EJ March 1909, reprinted in Keynes,
1983, CW Vol. XI, pp. 1-22), Keynes makes an effort to test the quantity theory of money
by comparing estimates of the general index number of prices with the index number of
total currency. The movements were surprisingly similar. In a letter to his friend Duncan
Grant, Keynes writes that his 'statistics of verification' threw him into a

'tremendous state of excitement. Here are my theories-will the statistics bear
them out? Nothing except copulation is so enthralling and the figures are coming
out so much better than anyone could possibly have expected that everybody will
believe that I have cooked them.' (18 December 1908, cited in Skidelski, 1983, p.
220)

Thirty years later, Keynes turns to another economist who uses more advanced techniques
for doing a similar thing: Tinbergen's statistical testing of business cycle theories.
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3.2.2 From the Dutch model to testing business cycle theories
One of the first and most ambitious efforts to test economic theories was carried out

on request of the League of Nations, as a follow-up of Gottfried Haberler's survey of
business cycle theories, Prosperity and Depression (also a League of Nations publication,
Haberler, 1937). Tinbergen was asked to confront the rival theories with the data for a
statistical test of business cycle theories. He had earlier experimented with a business
cycle model of The Netherlands. Tinbergen's work roused strong sentiments pro and con:
the debate concentrated on the question whether statistical methods are proper tools for
testing economic theories. Once started, this debate never quite concluded.

The League of Nations work was preceded by a modelling project on request of the
Dutch Association for Economics and Statistics (Vereeniging voor de Staathuishoudkunde en
de Statistiek). On its 1936 annual meeting, the question was posed whether government
policy could improve economic conditions. There were four invited speakers, one of them
Tinbergen. Tinbergen treated his audience to the first result of the econometric
revolution in macro-economics: a model of the Netherlands (see also Morgan, 1990, pp.
102-108; and Boumans, 1992 for mathematical background; Boumans does not discuss the

probabilistic 'resources' of Tinbergen).
It is interesting that some of the later criticisms were already expressed at the

public discussion of the first econometric model. The Dutch-South African economist, E.C.
van Dorp, complains that Tinbergen assumes stability of his mathematical relations,
whereas she believes that this stability is an-undesired-coincidence of the estimation
period (1923-1933). The purpose of policy is to change the circumstances underlying
Tinbergen's relations (Vereeniging voor de Staathuishoudkunde en de Statistiek, 1936, p.
61). Another complaints is that Tinbergen assumes causal orderings that should be
reversed (op. cit. p. 62). Tinbergen explicitly uses a causal chain model (Tinbergen,
1936, pp. 91-92). A third point of criticism is known today as the data mining problem.
Tinbergen acknowledges that the results are obtained only after laborious experimentation
with the data. Hence, according to the opponent, Van Zanten, the model is driven by many
implicit assumptions. If these assumptions are the result of experimenting, this may lead
to a tidying up of the model which will decrease the validity of the results (op. cit. p.
73). A similar criticism was expressed by Mr. J.G. Koopmans (not to be confused with
TjaUing Koopmans). Tinbergen defends himself by saying that it is hardly possible to
cook up the results: the statistical work resulted in 'graveyards full with failed
interpretations of reality' (op. cit., p. 104). Another complaint of Van Zanten is that
Tinbergen uses difficult terminology, such as 'elasticity' and 'sample' (op. cit. , p.
73).20

20 Tinbergen does not use the Dutch 'steekproef'. Perhaps it was too evident that, given
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Tinbergen combines Yule's approach of multiple regression with a dash of Fisher's

views on inference. There is no reference to Von Mises' notion of a Kollektiv or the
Neyman-Pearson approach of inductive behaviour, and the cognitive interpretations of
probability are totally absent. At the meeting, there is no discussion on the
probabilistic foundations of econometrics. The audience was too unfamiliar with
mathematics and probability theory to be able to raise this issue, furthermore, the
principal purpose of the meeting was to discuss economic policy. Tinbergen's own interest
in econometrics was primarily political: as a member of the Dutch Social Democrat party
he was interested in unemployment policy.

The same issue, economic policy, inspired the League of Nations to invite Tinbergen
to complement Haberler's (1937) review of business cycle theories with statistical tests
of those theories, using US data. In his preface, the Director of the League of Nations
Financial Section and Economic Intelligence Service, A. Loveday, makes a few remarks on
the complexity of the problem, in particular the lack of well defined, mathematically
formulated economic theories. Haberler's work was not directly suitable for a statistical
analysis of the various theories. Hence,

'in the selection of each one of the "explanatory" factors employed in the
various diagrams in this volume, problems of pure economics necessarily arose for
consideration before the mathematical analysis could be attempted. ' (in
Tinbergen, 1939b, p. 6)

As a result, it is not possible to work with a sequence of two separate analytical
stages, 'first, an analysis of theories, and secondly, a statistical testing of those
theories' (op. cit. p. 6).

The League had an interest in preventing economic crises that could lead to
international tensions or war. Testing business cycle theories would provide a diagnosis
of economic crises, the right economic policy could then be implemented as the cure.
Hence, the project has less to do with solving philosophical issues, or problems of pure
economic theory, than with urgent social problems.Z! Tinbergen applies correlation
techniques without answering philosophical questions. The best way to characterize
Tinbergen's 'philosophy' is perhaps a pragmatic study in the positivist tradition. This
approach distinguishes Tinbergen from his main critic, the moral philosopher Keynes.

I will now give a short description of the methods of Tinbergen (1939a). The title of

the unique nature of the macro time series, this would be a misnomer. See also the
discussion of samples, hypothetical populations etc. in the discussion of Koopmans and
Haavelmo below.
21 The League also stimulated research in other areas, like ... probability theory. In July
1939, only a few weeks before the outbreak of World War II, the League sponsored a
conference in Geneva in which many of the active probability theorists participated. In
an earlier Geneva conference (held in 1937), the frequency theory of Von Mises was
discussed.
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the League of Nations study suggests that testing economic theories is the goal of the
enterprise. Tinbergen, however, is cautious about this aim:

'The part which the statistician can play in this process of analysis must not be
misunderstood. The theories which he submits to examination are handed over to
him by the economist, and with the economist the responsibility for them must
remain; for no statistical test can prove a theory to be correct. It can, indeed,
prove that theory to be incorrect, or at least incomplete, by showing that it
does not cover a particular set of facts: but, even if one theory appears in
accordance with the facts, it is still possible that there is another theory,
also in accordance with the facts, which is the "true" one, as may be shown by
new facts or further theoretical investigations. Thus the sense in which the
statistician can provide "verification" of a theory is a limited one.'
(Tinbergen, 1939a, p. 12)

Tinbergen bas this view, in line with the methodology of falsification, already in 1927
(see Morgan, 1990, p. 109n). It is not rooted in deep philosophical insight, but stems
from pragmatic common sense, or it may have been inspired by Fisher's views on testing
(see Chapter 3.3). Popper's 'deep' insight, that you cannot prove theories by
observations, seemed to have been a widely shared common-sense notion during the
thirties. For example, in his dissertation, Koopmans presents the same methodological
point: 'The statistician, though unable to confirm the validity of the economist's
contribution [i.e. theory], may in some cases tell that he is wrong.' (Koopmans, 1937, p.
58; see also Koopmans, 1941, p. 162). Yet another example is Jeffreys' preface to the
first (1939) edition of his Theory of Probability, cited in Chapter I, Section 4.1.1.

Hence, at best, Tinbergen might falsify some of the theories. But there is a problem
with Haberler's survey: the theories described lack mathematical rigour (see also
Tinbergen, 1939b, p. 182). Furthermore, a statistical apparatus to test rival, non nested
theories simply did not exist. The statistical methodology used by Tinbergen is a mixture
of ideas of Fisher (most importantly, the 1936 edition of Fisher, 1925) and Frisch. There
is no reference or implicit use of the Neyman-Pearson methodology in Tinbergen's work.22

He gives confidence intervals (1939a, pp. 80 and 84), calling them ranges of incertitude,
without mentioning Neyman.23

Tinbergen tries to quantify the causes of economic fluctuations. As different causes
work simultaneously, elementary statistical methods (basically looking at univariate time
series or comparing two such series) are not helpful. The multiple correlation method

22 Tinbergen must at least have had at least indirect knowledge of Neyman-Pearson (1928),
as there is a casual reference to this work in Koopmans thesis (Koopmans 1937), of which
Tinbergen was supervisor. Another paper Tinbergen must have known, discussing the Neyman-
Pearson approach, is the survey of Shewhart (1933). In Tinbergen's (1941) textbook on
econometrics (as well as its later editions), Neyman-Pearson is not mentioned.
23 Confidence intervals were used by Laplace in 1812, Gauss in 1816 and other early
probability theorists. They became more familiar around 1930, with a contribution by
Working and Hotelling in 1929 and one of Hotelling in 1931 (see Lehmann, 1986, p. 126).
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(regression) is proposed instead (1939b, p. 9). Tinbergen is aware that certain
conditions have to be satisfied for successful application of the multiple correlation
method.24 The model specification problem is dealt with by a priori considerations
concerning which variables to include, and trial and error if the a priori convictions
are not strong. Linearity of the relations is in most cases assumed as a convenient first
order approximation (1939b, p. 12).

Tests of significance are used to test the 'accuracy of results' (1939b, p. 12). They
are not used as tests of the theories under consideration. Friedman (1940, p. 659), in a
review of Tinbergen's work, stresses this feature of the research:

'Tinbergen's results cannot be judged by ordinary tests of statistical
significance. The reason is that the variables with which he winds up (... ) have
been selected after an extensive process of trial and error because they yield
high coefficients of correlation.' (emphasis in original)

Friedman adds a statement that reappears many times in his later writings: the only real
test is to confront the estimated model with new data.

Tinbergen is after importance testing, in his words: testing
significance. Namely, he investigates whether particular effects have the
are quantitatively important. If so, significance tests are used
statistical accuracy or weight of evidence.25

The procedure to test theories consists of two stages. First, theoretical
explanations for the determination of single variables are tested in single regression
equations. Secondly, the equations are combined in a system and it is considered whether
the system (more precisely, the final reduced form equation obtained after successive
substitution) exhibits the fluctuations that are found in reality. In order to test rival
theories, Tinbergen combines the most important features of the different theories in one
'grand model' (in this sense, as Morgan, 1990, p. 120, notes, Tinbergen views the
theories as complementary rather than rivals: it is a precursor to comprehensive testing;
see Chapter 8, Section 2.3.1). Tinbergen' s inferential results are like the finding, that
interest does not matter very much in the determination of investment, or that the
acceleration mechanism is relatively weak.

I will now turn briefly to Ragnar Frisch' contribution to Tinbergen's method. This is
Frisch' notion that the explanatory variables in the model are subject to stochastic
disturbances. To deal with this problem (of 'confluent relations', see also Morgan, 1990,

the economic
right sign and

to assess the

24 Explicitly discussed are for example the problems of serial correlation and
multicollinearity .
25 If we compare this with the later research on consumer demand, discussed in Chapter 7,
we observe a complete shift in the emphasis of testing. In the more recent example of
consumer demand, the focus is on significance testing. The quantitative importance of
deviations of parameters from the desired values is never considered!
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pp. 207-212), Frisch advocates the so-called bunch map. In his dissertation, supervised
by Tinbergen, Tjalling Koopmans places Frisch's analysis in a formal probabilistic
setting of an errors in variables model (Koopmans, 1937). Tinbergen makes use of
Koopmans' innovation but also provides bunch maps. Frisch himself is skeptical about the
use of probabilistic methods in economic inference:

'By focusing [sic] too much attention on the exact definition of the probability
there is some risk that one will forget the very relative and limited meaning
which must always attach to such a numerical computation of a "probability".'
(Frisch, cited in Koopmans, 1937, p. 39)

This sounds like a Keynesian complaint. Despite Frisch's skepticism, Tinbergen cautiously
proceeds with the efforts to quantify economic relations. The final goal is to evaluate
economic policy. This is done by using the econometric model as an experimental economy.
The coefficients in the model may change as a result of changing habits or technical
progress, but

'It should be added that the coefficients may also be changed as a consequence of
policy, and the problem of finding the best stabilising policy would consist in
finding such values for the coefficients as would damp down the movements as much
as possible.' (Tinbergen, 1939b, p. 18).

This approach is practiced in setting all coefficients of the investment-, wage- or price
equation equal to zero (1939b, pp. 168-170). A similar attitude to using the econometric
results can be found in Tinbergen's previous exercise in econometric modelling
(Tinbergen, 1936), where another option of policy evaluation is mentioned, i.e. the
addition of exogenous terms to equations (p. 100).

3.2.3 Homogeneity and limited independent variety
Although technically more sophisticated than the statistical methods available at the

time Keynes wrote his Treatise, Tinbergen's use of Fisher's method is logically similar
to the applications of statistical inference criticized in the Treatise. Tinbergen
receives the same kind of critique as many probability theorists in the Treatise: he is
accused of preferring 'the mazes of arithmetic to the mazes of logic' (Keynes, 1939/1973,
p. 307).

In his review of Tinbergen (1939a), Keynes (1939) argues that Tinbergen overplays his
hand with the attempt to use statistical tools for testing theories. In a letter to R.

Tyler of the League of Nations (dated 23 August 1938), in which Keynes discusses
Tinbergen's research project, Keynes complains that

'There is first of all the central question of methodology,-the logic of
applying the method of multiple correlation to unanalyzed economic material,
which we know to be nonhomogeneous through time' (Keynes, 1973, pp. 285-6).
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Keynes does not downplay Tinbergen's extensive efforts to 'analyze' empirically his
economic material, but criticizes his neglect of logical analysis. In particular, before
one applies probabilistic inference, one should know (analyze) whether the principle of
limited independent variety is satisfied (see Chapter 4.2.2). As this is not done, Keynes
has strong reservations about the applicability of statistical techniques to testing
theories. On July 4, 1938, he writes Harrod that economic models should be flexible and
one should 'not fill in the real values for the variable functions'. Furthermore, 'The
object of statistical study is not so much to fill in missing variables with a view to
prediction, as to test the relevance and validity of the model' (op. cit., p. 296). In a
subsequent letter to Harrod, Keynes objects to the basis of Tinbergen's work, the
formulation of economic theories as mathematical models:

'In chemistry and physics and other natural sciences the object of experiment is
to fill in the actual values of the various quantities and factors appearing in
an equation or a formula; and the work when done is once and for all. In
economics that is not the case, and to convert a model into a quantitative
formula is to destroy its usefulness as an instrument of thought.' (Keynes, 1973,
p. 299, letter to Harrod, 16 July 1938).26

Keynes thinks of models as flexible instruments, to be improved and changed upon
further reflection, to be used to change the economy (this resembles the point expressed
by Van Dorp, discussed above). They are not static tools that could be pinned down after
a sufficient amount of empirical research. Economics should not be converted to a pseudo-
natural science, in short.

'Progress in economics consists almost entirely in a progressive improvement in
the choice of models.' (Keynes, 1973, p. 296, letter to Harrod, 4 July 1938).

Why does Tinbergen's method destroy its usefulness as an instrument of thought? The
reason can be found in the same letter to Harrod, in which Keynes argues that economics
is not only a 'science of thinking in terms of models', but also an art of choosing the
relevant models, i.e. relevant to the contemporary world. This world changes
continuously, also as a result of the economist's actions. Unlike the natural sciences,
that allow to settle the relevant models once and for all, the economist has to be
permanently aware of the changing, non-homogeneous, environment, and adopt new models as
soon as necessary (Keynes, 1973, p. 296).

The principle of limited independent variety forms the basic source of Keynes'

26 In the same letter to Harrod, Keynes writes 'One has to be constantly on guard against
treating the material as constant and homogeneous. It is as though the fall of the apple
to the ground depended on the apple's motives, on whether it is worth falling to the
ground, and whether the ground wanted the apple to fall, and on mistaken calculations on
the part of the apple as to how far it was from the centre of the earth.' (Keynes 1973,
p. 300).
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attack. This principle is the assumption 'that there is no one object so complex that its
qualities fall into an infinite number of independent groups' (Keynes, 1921, p. 287).
There must be a positive probability that an object of induction is not infinitely
complex. If the system is not uniform over time, the principle is violated, hence, the
'inductive difficulties arise' (Keynes, 1939, p. 316).

In a short memo to Harrod, Keynes implicitly refers to this point:

'TINBERGEN - YOUR LEITER OF THE 18TH

If the three influences on investment are variable, it is logically impossible to
discover by T. 's method the comparative dependence on profit lagged. He has to
assume that they are constant. In fact we know that they are variable both in
character and degree.
I complain that this sort of logical point is not first discussed-or even
mentioned. Until it is, the whole thing is charlatanism in spite of T. 's
admirable candour.' (letter to Harrod, 21 September 1938, Keynes, 1973, p. 305)

Keynes does not reject statistics as such, but objects to assuming stable relations
where the domain of interest is known to be changing. In a letter to Tinbergen (dated 20
September 1938) he points to a dilemma: 'the method requires not too short a series,
whereas it is only in a short series, in most cases, that there is a reasonable
expectation that the coefficients will be fairly constant.' (Keynes, 1973, p. 294). The
arguments in Keynes' correspondence with Harrod and the review article in the Economic
Journal are just the same as the ones given in the Treatise: without indication for the
constancy of parameters, the inductive (probabilistic) method is invalid (see, e.g.,
Keynes, 1921, p. 434; compare Keynes, 1973, p. 294).27

Keynes adds that Tinbergen could not have selected a worse case for applying
statistical inference: the credit cycle is complex and variable, many of its influences
cannot be reduced to statistical form. He gives a few examples of applying the 'multiple-
correlation method' to economics, which he published (as editor) in the Economic Journal.
However, explaining the volume of investment, 'I should regard as prima facie extremely
unpromising material for the method.' (ibid., p. 295). Keynes' skepticism has been
supported by the experience of applied econometricians: investment is known as a
notoriously difficult variable to model.

Statistics is to be used to test the validity of a model (letter to Harrod; Keynes,
1973, p. 296). This is unfeasible in the case of the business cycle, because the
condition of limited independent variety is not satisfied. The parameters found are not

27 Today, dealing with varying parameters is straightforward: popular methods are
recursive least squares, the Kalman filter, or Bayesian updating. Testing for constancy
is also standard (an example is the Chow test). These dynamic estimation methods rely on
a stable pattern in the change of the parameters. Hence, if such stability again is
unlikely to obtain (as it is in case of 'credit cycle' expectations), Keynes' critique
remains valid.
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the 'necessary' ones that follow from a correct prior specification. Such a correct
specification is not available in case of a complicated problem like business cycle
analysis. Hence, the interpretation is not warranted that Keynes, although rejecting the
econometric work of Tinbergen as a test of theories, is satisfied with it as an estimate
or a valid but cumbersome method of historical description.28

3.2.4 The Septuagint
Another complaint of Keynes deals with Tinbergen's choice of time lags and, more

generally, the choice of regressors. In the rejoinder to Tinbergen's reply to Keynes' EJ

article, Keynes suggests a famous experiment to Tinbergen:

'It will be remembered that the seventy translators of the Septuagint were shut
up in seventy separate rooms with the Hebrew text and brought out with them, when
they emerged, seventy identical translations. Would the same miracle be
vouchsafed if seventy multiple correlators were shut up with the same statistical
material?' (Keynes, 1973, p. 319).

This rhetorical question has been answered by the postwar practice of empirical
econometrics: there is no doubt that specification uncertainty and the coexistence of
rival, conflicting theories are deep problems that have not yet been solved. The
statistical testing of economic theories has not resulted in established knowledge such
as 'theory T is widely accepted by the economics community'.

In her discussion of the debate, Morgan claims that,

'Because Keynes "knew" his theoretical model to be correct, logically,
econometric methods could not conceivably prove such theories to be incorrect.'
(Morgan, 1990, p. 124)

Keynes may be accused of arrogance (as one of his closest associates, Joan Robinson, also
does; see Robinson, 1962), but it is wrong to argue that Keynes is as dogmatic as
suggested here. Morgan's strong admiration for Tinbergen seems to blind her for the view
of Keynes. His main problem with the usage of statistical analysis for inductive
inference is, that we either do not know enough to ascertain the validity of the
application of the principle of limited independent variety, or that we will be inclined
to conclude that the principle is not applicable. These are the logical arguments of
Keynes that invalidate inductive claims based on the use of multiple correlation for
testing business cycle theories. The assertion that Tinbergen and other 'thoughtful
econometricians' (Morgan, 1990, p. 122) were already concerned with this logical point

28 'If the method cannot prove or disprove a qualitative theory, and if it cannot give a
quantitative guide to the future, is it worth while? For, assuredly, it is not a very
lucid way of describing the past.' (Keynes, 1939, p. 315).
The view that econometricians do not test, but estimate, can be found in KIant (1985, p.
92).
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does not hold ground: the debate between Tinbergen and Keynes shows that they talk at
cross purpose. Tinbergen never seriously considers the problem of induction.

There have been numerous other discussions of the Keynes-Tinbergen controversy, many
of them miss the point of Keynes' critique by neglecting his view on the logic of
probabilistic inference.29 Unlike Morgan and those others, I conclude that Keynes,
although wrong on details, has a consistent and tenable position on the interpreting of
Tinbergen's methods. I do not conclude, however, that Tinbergen's work is
meaningless-far from that. The issue is that the philosophical underpinning of his
results is defective. The same may hold for Newton, Einstein or Fisher. Defective
philosophy rarely hampers scientific progress.

4. The probability approach to econometrics

Tinbergen's work inspired two lines of criticism. The first one comes from Keynes and led
to the exchange in the Economic Journal. The second line of criticism is diametrically
opposite to Keynes and is given by Haavelmo (1943). Haavelmo argues that, if anything,
Tinbergen should have been more radical in the use of probability theory. Haavelmo
(1943), inspired by Neyman, outlines a methodology of testing based upon probabilistic
foundations, which is discussed in the next section. First, however, I will discuss the
views of Haavelmo and the other prominent founder of the probability approach, Koopmans,
on the nature of economic data.

4. I Samples and populations

4.1.1 Koopmans

The theories of statistical inference, discussed in Chapter 3, rely on different
versions of the frequency approach. They share in their dependency on sampling. Fisher
holds that the sample under consideration should result from a good 'experimental design'
that warrants to interpret the result as a random drawing from a hypothetical infinite
population. The sample may have few observations and may even be unique. Von Mises and

29 For example, the point at stake is not whether Tinbergen's model is mis-specified.
Modem econometricians who are trained to search for mis-specifications are easily
mislead by Keynes's criticisms to interpret them as related to todays' concepts of.
'simultaneity bias', 'omitted variables', 'structural stability', 'nonlinearity',
'autocorrelation' etc. See also Pesaran and Smith (1985).
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Neyman-Pearson argue that one should be able to take repetition literally. The early
econometricians rely on a blend of the views of Von Mises, Fisher and Neyman-Pearson. Of
course, they cannot share in Von Mises' opposition to small sample theory and its
applications, but they do accept a frequency interpretation of probability. Tinbergen and
Koopmans (1937) remain fairly close to Fisher's views, although they are at pains to
justify the notion of sampling in absence of the ability to control an experimental
design.30 Haavelmo is one of the first econometrician to embrace the Neyman-Pearson
theory, but his interpretation is very Fisherian. The blend of probability theories that
resulted may explain the conceptual confusion that bothered econometrics for a long

period.
Like Tinbergen, Koopmans (1937) takes Fisher's theory as his starting point. Koopmans

is more explicit on the justification of using probabilistic methods in economics.
Tinbergen (l939a, p. 28) mentions the notions of 'sample' and the 'universe' from which
it is drawn, but without further discussion continues to explain significance tests.

Whereas Tinbergen's justification amounts to his claim that the method is very
useful, Koopmans is willing to consider the foundational issues. He is aware of the fact

that

'In economic analysis variables at the control of an experimenting institution
are exceptional. ( ... ) At any rate, they are far from being random drawings from
any distribution whatever.' (Koopmans, 1937, p. 5).

Despite this acknowledgement, Koopmans expresses his debt to Fisher's methods (Koopmans,
1937, p. 2). He suggests that Fisher's method not only relies on the notion of a
hypothetical infinite population, but also on the possibility of repeated sampling
(Koopmans should have stressed experimental design rather than repeated samplingj.U At
first taking repeated sampling more serious than Fisher himself might have done, Koopmans

in tum qualifies its importance:

'the expression repeated sampling requires an interpretation somewhat different
from that prevailing in applications of sampling theory in the agricultural and
biological field.' (1937, p. 7)

Koopmans notes that, in those fields, the distribution of statistics can be found or
controlled by experience or experimentation, as repeated samples may be obtained in any

30 Koopman's thesis contains Neyman and Pearson (1928) in the list of references, but the
Neyman-Pearson theory of inference is not discussed. Koopmans (1941) is more inflicted by
the Neyman-Pearson methodology, but it does not contain a formal exposition on how to
apply this methodology to economics.
31 See the quotation of Fisher in Chapter 3, section 4.3: 'To regard the test as one of a
series is artificial; ( ... ) what is really irrelevant, [is] the frequency of events in an
endless series of repeated trials which will never take place.' (Fisher, 1956, pp. 99-
100).
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number. The 'hypothetical infinite population, of which the actual data are regarded as
constituting a random sample', of which Fisher speaks (1922, p. 311, see also the full
quotation in Chapter 3.3.1) is, therefore, not quite comparable with the imaginary
population that underlies economic data.

'in the conditions under which sampling theory is used here such a distribution
is much more hypothetical in nature. The observations [Xftl, k= 1,2 ... K,
t=I,2, ... 11 constituting one sample, a repeated sample consists of a set of
values which the variables would have assumed if in these years the systematic
components had been the same and the erratic components had been other
independent random drawings from the distribution they are supposed to have.'
(1937, p. 7)

On page 64 of Koopmans (1937), the sample is considered as one single observation, and
only one observation can be obtained for a particular time period. Because of the
scarcity of economic data, Fisher's small sample theory is supported, and the maximum
likelihood method applied.

Koopmans adopts the standard interpretation of significance testing in (1937, pp. 26-
27), where also the confidence interval is explained:

'In general, if the statement is made that 13k, lies within the range given by the
inequality (54), it cannot be said that this statement has, in the individual
case considered, a probability 1-9 to be true. For a definite probability cannot
be attached, in the individual case, to any statement of this kind concerning 13k,
unless an a priori probability distribution of 13k, is known. The relevant fact
about the above statement is, however, that, if it is repeated again and again in
a large number of cases in each of which the specification of this section
applies, there will be a risk of error e inherent in that procedure.' (Koopmans,
1937, pp. 26-27)

Koopmans refers for further considerations of this issue to Fisher's wntmgs on inverse
probability and inductive inference as well as a publication of Neyman on this theme.

4.1.2 Haavelmo

An argument similar to that of Koopmans is used by Haavelmo (1944) to justify the
probability approach in econometrics. In Haavelmo's case, it is claimed that some kind of
repetition is conceivable. Unlike his more skeptical teacher, Frisch, Haavelmo is not
opposed to using the fiction of sampling in economics. He argues as follows.

'There is no logical difficulty involved in considering the "whole population as
a sample", for the class of populations we are dealing with does not consists of
an infmity of different individuals, it consists of an infinity of possible
decisions which might be taken with respect to the value of y. And all the
decisions taken by all the individuals who were present during one year, say, may
be considered as one sample, all the decisions taken by, perhaps, the same
individuals during another year may be considered as another sample, and so
forth. From this point of view we may consider the total number of possible
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observations (the total number of decisions to consume A by all individuals) as
result of a sampling procedure, which Nature is carrying out, and which we merely
watch as passive observers.' (Haavelmo, 1944, p. 51)

These arguments of Koopmans and Haavelmo, to justify the treatment of unique economic
data as random drawings resulting from an imaginary sampling procedure, is paralleled in
the social sciences in the same period. See e.g. McCloskey (1985, p. 169) who refers to a
dialogue in M.J. Hagood's Statistics for Sociologists (1941) where the notion of sampling
from all possible worlds appears. It was 'in the air'.

Haavelmo's view is an interesting mixture of Fisherian sampling and experimental
design theory and Neyman-Pearson testing (furthermore, Haavelmo is strongly influenced by
his colleague Abraham Wald). In his introductory paragraphs, Haavelmo is particularly
fond of using the language on experimental design, without referring to Fisher:

'the model will have an economic meaning only when associated with a design of
actual experiments that describes-and indicates how to measure-a system of
"true" variables (or objects) x\,x2, ... ,xn that are to be identified with the
corresponding variables in the theory.' (Haavelmo, 1944, p. 8, see also p. 6, and
pp. 13-14 where a design of experiments is related to the 'crucial experiment' in
physics)

The phrase 'design of experiments' occurs 19 times between pages 6 and 18 of Haavelmo
(1944).32 The conclusion is that, if only economists would be more careful in specifying
the appropriate design of experiments that should accompany a particular theory, the
confusion on the constancy or invariance of economic 'laws' would disappear (Haavelmo,
1944, p. 15).

Let us have a closer look at Fisher's use of experimental design (e.g. Fisher, 1935,
pp. 18-21). Being a practical 'research worker', Fisher is aware that scientific research
proceeds with limited resources. In order to test a hypothesis (for example, on the
famous tea-cup lady who claims to be able to detect whether tea or milk was put in her
cup at first), many causes may affect the outcome of the experiment apart from the order
of milk and tea (e.g. thickness of the cup, temperature of the tea, smoothness of
material etc.). The 'uncontrolled causes which may influence the result are always
strictly innumerable.' (Fisher, 1935, p. 18) Rather than spending resources to
eliminating as many of these causes as possible, we should randomize. Randomization
provides the 'physical basis' for the validity of the test. It is the only way to
circumvent innumerable causes that are merely a nuisance to the researcher.

The way Haavelmo uses Fisher's phrase 'design of experiment' is not quite alike. He
uses it for 'operationalizing' the theory, for the description of how to measure the

32 From page 19 on, Haavelmo turns to some of the concepts of Frisch, followed by an
exposition of Neyman-Pearson methodology. After an isolated reference on p. 25, and a
summary on p. 39, the phrase disappears from his Probability Approach in Econometrics.
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theoretical entities that appear in a model. Experimental design is the bridge between
theoretical terms and observational entities (like the correspondence rules of the
logical positivists). Haavelmo's use of experimental design is, therefore, not as much
Fisher's but more like that of the Harvard philosopher Percy Bridgman, who introduced the
term 'operationalism' for this purpose. Although Haavelmo does neither use Bridgman's
terminology nor refers to his contemporary, his expressions are in a much closer match
with the ideas of Bridgman, then for example Paul Samuelson (who refers to Bridgman's
operationalistic language but uses it for very different purposes).

Fisher's contribution to Haavelmo's blend of probability theory is more apparent than
real, as far as experimental design concerns. Haavelmo's flirt with the frequency
interpretation of the theory of probability is less deceptive. He starts from the
measure-theoretical formulation of probability, which is, in principle, interpretation-
free (probability is a primitive notion). But Haavelmo gives an interpretation to the

primitive notion probability,

'the model may be (and we believe that to be practical it has to be) such that it
does not exclude any system of values of the variables, but merely gives
different weights or probabilities to the various value-systems. ( ... ) According
to experience it has very often been found fruitful to interpret such weights as
a measure of actual "frequencies of occurrence".' (Haavelmo, 1944, p. 9)

And again,

'It has been found fruitful in various fields of research to use the observable
"frequency of occurrence" of an event as a practical counterpart to the purely
theoretical notion of probability.' (Haavelmo, 1944, p. 47)

Haavelmo supports the frequency interpretation of probability, relying on 'experience',
like Von Mises does. Von Mises however is very strict in assessing when 'experience'
warrants his frequency interpretation-the small samples of economic data would certainly
not count. As we have seen, Keynes rejects the applicability of the frequency
interpretation, because his 'experience' shows him that economic data are not
'homogeneous' and even if they would be, because of the logical problems of the frequency
view. Apparently, the appropriateness of economic experience for a frequency theory is
either in the eyes of the beholder, or a matter of logical dispute. Haavelmo does not
elaborate on why 'experience' in economics warrants the frequency interpretation, except
that, after asking whether the model will hold for future observations, he answers:

'We cannot give any a priori reason for such a supposition. We can only say that,
according to a vast record of actual experiences, it seems to have been fruitful
to believe in the possibility of such empirical inductions.' (Haavelmo, 1944, p.
10)

This is of course a rhetorical exaggeration: probabilistic tools in economics where yet
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in their infancy.

Although Haavelrno at first supports the frequency interpretation, he is not perfectly
consistent. When Haavelmo wrote the Probability approach, the Bayesian interpretation of
probability was highly suspect (and Keynes' interpretation even more so). Still, Haavelmo
gives modest support to what may be regarded as an implicit Bayesian interpretation of
statistics, not unlike Fisher's interpretation of probability as a measure of evidence:

'we considered "frequency of occurrence" as a practical counterpart to
probability. But in many cases such an interpretation would seem rather
artificial, e.g., for economic time series where a repetition of the
"experiment", in the usual sense, is not possible or feasible. Here we might
then, alternatively, interpret "probability" simply as a measure of our a priori
confidence in the occurrence of a certain event.' (Haavelmo, 1944, p. 48; see
also p. iv)

But, we should not make use of inverse probability, as the hypotheses the econometrician
deals with are either true or false, in which case a probability distribution for the
hypotheses space 'does not have much sense' (Haavelmo, 1944, p. 62). This leads to
Haavelrno's step of introducing the Neyman-Pearson methodology in econometrics.
Explicitly, this time (see e.g. Haavelmo, 1944, p. iv). However, Haavelmo continues to
make use of the notion 'inference' instead of using the behaviouristic language of
Neyman-Pearson, He provides a blend of Fisher, Von Mises and Neyman-Pearson theory.

In view of these observations, it is perhaps no surprise that Haavelmo dismisses the
discussions on the interpretation of probability by saying that this has resulted in
'much futile debate' (1944, p. 48). He, therefore, concludes that

'The rigorous notions of probabilities and probability distributions "exist" only
in our rational mind, serving us only as a tool for deriving practical statements
of the type described above.' (Haavelmo, 1944, p. 48)

Hence, the most thorough effort to create strong foundations for the probability approach
in econometrics finally comes to an inconsistent set of claims in defense: vast amounts
of experience warranting a frequency interpretation, inability to experiment leading to
an epistemological interpretation, and the futility of bothering with these issues
because the probability approach is most of all a useful tool, which is the
instrumentalistic justification for its use)3 An alternative interpretation of the

33 Morgan (1990, p. 250) similarly observes that Haavelmo's ultimate defense of the
probability approach relies on its usefulness and fruitfulness. Morgan (1990, p. 258)
adds that Haavelmo was successful in providing 'an adequate experimental method for
economics.' I disagree with this conclusion. Haavelmo's recommendation of maximum
likelihood was followed in mainstream empirical econometrics until 1970. Moreover, it
would be a bold claim to say that Haavelmo's recommendation of Neyman-Pearson theory of
testing hypotheses has been very useful for empirical econometrics. 'Adequate' therefore
is more than can be said in favour of Haavelmos approach. Finally, Haavelmo's use of the
word 'experimental' is highly idiosyncratic.
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apparent inconsistencies is that Haavelmo tries to persuade his audience by all means,
even though they are mutually incompatible.

4.2 Ceteris paribus and multiple correlation

Although Keynes' prerequisite for induction, limited independent variety, is not
discussed by the early econometricians (neither Tinbergen nor Koopmans nor Haaveirno, nor
probably any of their contemporaries or successors), they do deal with it, to some extent
at least but only implicitly. In particular Haavelmo tries to justify the inductive aims
of his probability approach, I will her focus on his contribution. The following is
related to the problem of classification, mentioned in the introduction of this chapter.

The approach rests upon a belief in the existence of 'certain elements of invariance
in a relation between real phenomena', the econometrician has to bring together the right
phenomena (Haavelmo, 1944, p. 10). If we find such elements of invariance in economic
life, we may 'establish permanent "laws'" (Haavelmo, 1944, p. 13). The claim that there
is a vast amount of experience that justifies the use of probability methods in many
fields must be an exaggeration-one of his criticisms against prevailing practice
precisely is that people do not make sufficient use of a well designed probability
approach, in which case the tools of statistics have no meaning at all (Haavelmo, 1944,
p. iii).

In studying what actually happens, Haaveirno (1944, pp. 16-17) argues, the art is to
construct models 'for which we hope that Nature itself will take care of the necessary
ceteris paribus conditions'. This hope is based on knowledge of the past-induction,
based upon a synthetic a priori belief in the stability of nature (see also Chapter
1.3.2). Haavelmo also discusses what would happen if other things remain equal. In that

case,

'we try to take care of the ceteris paribus conditions ourselves, by statistical
devices of clearing the data from influences not taken account of in the theory
(e.g. by multiple-correlation analysis).' (Haaveirno, 1944, p. 17)

The remark is a bit puzzling. I interpret this as a statement that if economic theory for
example suggests that a set of economic variables Xl determines the endogenous
variable(s) y, but in order to satisfy the assumptions that validate statistical
inference, one may need also to include variables x2 such as the weather, time etc. These
variables do not have theoretical justification but are needed for making the ceteris
paribus clause acceptable. If this is right, then non-theoretical considerations are of
key interest in justifying the inductive aims of the econometrician, which is remarkable
in light of the well-known preferences for theory of the members of the Cowles
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Commission.
At least, HaaveLmo is more 'liberal' than Koopmans, whose insistence on the primacy

of economic theory has become famous (see in particular his debate with Vining). Koopmans
(1937) already argues that the significance of statistical results entirely depends on
the validity of the underlying economic analysis, and asking the statistician

'for a test affirming the validity of the economist's supposed complete set of
determining variables on purely statistical evidence would mean, indeed, to turn
the matter upside down.' (Koopmans, 1937, p. 58).

The statistician may be able, in some cases, to inform the economist that he is wrong, if
the residuals of an equation do not have the desired property. Haavelmo adds to this
stricture that the statistician may formulate a theory 'by looking at the data', but this
is the subject of the next chapter.

4.3 Haavelmo and inference

The barometer approach, that was popular at Harvard and the NBER, is not only
rejected by Tinbergen but also by his followers, Koopmans and Haavelmo. It inspired
Koopmans to his debate with Rutledge Vining on measurement without theory (see Morgan,
1990). Haavelmo also refers to the ABC-curves to criticize them. He uses the following
metaphor (Haavelmo, 1944 pp. 27-28). To understand how an automobile works, it is not
good advice to spend only time on measuring the correlation between the distance of the
gas pedal from the bottom of the car and the speed of the car, because

'such a relation leaves the whole inner mechanism of a car in complete mystery,
and (2) such a relation might break down at any time, as soon as there is
disorder or change in any working part of the car. (Compare this, e.g., with the
well-known lag-relations between the Harvard A-B-C-curves). We say that such a
relation has very little autonomy' (1944, pp. 27-28).

The task of the econometrician is to search for such autonomous relations (the word
autonomy comes from Frisch), constant laws.34 Keynes disputes that such laws exist or can
be inferred by statistical means, the Austrian economist Ludwig von Mises (1881-1973,
brother of Richard von Mises) even contends that 'There are, in the field of economics,
no constant relations, and consequently no measurement is possible.' (Ludwig von Mises,

34 At times, Koopmans suggests that the problem of invariance is of particular importance
in economics. Koopmans holds that, contrary to the variables in the fields of biology or
agriculture, stable frequency distributions do not exist in economic variables (see the
opening quotation this chapter). This is not a real problem if we focus on the residuals
and tries to specify relations where the stable frequency distribution for the residuals
seems to be acceptable (Koopmans, 1937, pp. 58-59).
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1949, p. 55). Those contentions are attacked by Haavelmo.

Haavelmo views science in the following way (except otherwise stated, citations are
from Haavelmo, 1944, p. 12). In the beginning, their is 'Man's craving for "explanations"
of "curious happenings".' There is not yet systematic observation, the explanations
invented are often of a metaphysical type. The next stage is for the "'cold-blooded"
empiricists', who collect and classify data. The empiricists recognize an order or system
in the behaviour of the phenomena. A system of relationships is formulated to mimic the
data. This model becomes more and more complex, and needs more and more exceptions or
special cases (perhaps haavelmo has the Ptolemaic system in mind), until the time has
come to start reasoning (the Copernican revolution?). This 'a priori reasoning' (a
somewhat odd notion, in light of Haavelmo's starting point of collecting data) leads to
'very general-and often very simple-principles and relationships, from which whole
classes of apparently very different things may be deduced.' This results in hypothetical
constructions and deductions, which are very fruitful if, first, there are in fact 'laws
of Nature', and, secondly, if the method employed is efficient (it goes without saying
that the next step of Haavelmo is to recommend the probabilistic approach to inference).
Finally, Haavelmo (1944, p. 14), summarizes his view by quoting Bertrand Russell
favourably: 'The actual procedure of science consists of an alternation of observation,
hypothesis, experiment and theory.'

This view of the development of science may be a caricature, but not an uncommon
one-certainly not around 1944. It suggest that science develops from an initial ultra-
Baconian phase to the hypothetico-deductive method that became popular among the logical
positivists in the 1940s (see also Caldwell, 1982, pp. 23-27). The so-called
correspondence rules that relate theoretical ennties to observational enunes in
logical positivism can be found in Haavelmo's emphasis on experimental designs,35 Despite
the similarity between this view of Haavelmo on scientific development, and the then
popular view among philosophers, it is unlikely that Haavelmo really tried to apply the
logical positivist doctrine to econometrics. In most cases, the ultimate argument of
Haavelmo is the fruitfulness of his approach, not its philosophical coherency. Similarly,
Koopmans (1937, p. 65) gives as the ultimate reason for adapting Fisher's maximum
likelihood approach that 'it seems to lead to useful statistics'. A philosophical choice
between confidence interval estimation (Neyman) and fiducial inference (Fisher) is thus
evaded.

Haavelmo's views econometrics as a means of inference for establishing

35 Haavelmo's ambiguity with respect to the frequency interpretation versus the
epistemological interpretation of probability is also to be found in the writings of the
leading logical positivist, Carnap, who distinguishes probability 1 (epistemological) and
probability, (frequency), without rejecting either of them.
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phenomenological laws in economics. Without referring explicitly to Keynes, he rejects
the assertion that intrinsic instability of economic phenomena invalidates such an
approach:

'a phrase such as "In economic life there are no constant laws," is not only too
pessimistic, it also seems meaningless. At any rate, it cannot be tested.' (1944,
p. 12).

Economists should try to follow natural scientists, who have been successful in choosing
'fruitful ways of looking upon physical reality', in order to find the 'elements of
invariance' in economic life (1944, p. 13; see also pp. 15-16). It is interesting to see
how exactly Haavelmo formulates his programme of inference (1944, pp. 8-9):

'The model thereby becomes an a priori hypothesis about real phenomena, stating
that every system of values that we might observe of the "true" variables will be
one that belongs to the set of value-systems that is admissible within the model.
( ... ) Hypotheses in the above sense are thus the joint implications-and the only
testable implications, as far as observations are concerned-of a theory and a
design of experiments. It is then natural to adopt the convention that a theory
is called true or false according as the hypotheses implied are true or false,
when tested against the data chosen as the "true" variables. Then we may speak,
interchangeably, about testing hypotheses or testing theories.'

Haavelmo's methodology is an implementation of the modus tollens (if the model is
rejected, then the underlying theory is rejected):

M('J,'D): M = {If} , -If ~ -('J,'D) (5.2)

where ('J ,'D), the theory 'J and the data 'D define M, the model and its measurement
(experimental design). The set {If} denotes the a priori hypotheses implied by the model.

The symbol - is the logical operator 'not true'. The sign ~ denotes a relation of
probabilistic inference to distinguish it from a purely logical (deductive) relation (of
course it does not indicate convergence in probability).

Haavelmo's probabilistic interpretation of (5.2) is based on the Neyman-Pearson
theory of testing (which is a theory of inductive behaviour, in which the researcher has
to decide which theory to accept and reject).

In Chapter 1, it was argued that the relation between theory and empirical model is
more complicated than (5.2) suggests, due (for example) to problems of auxiliary
hypotheses (the Duhem-Quine problem). Hence, it is better to replace the theory 'J in
(5.2) by a research programme 'R'P or the model space. A statistical rejection of a
hypothesis may inspire an adjustment in the 'R'P instead of a rejection of 'J (see Chapter
7). If this view is accepted, then statistical inference becomes a process of learning,
not a once and for all decision. Although Haavelmo starts with the simple view on
inference summarized in (5.2), he drops this in a later stage of his writings, when he
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comes to the problem of 'The meaning of the phrase "To formulate theories by looking at
the data'" (Haavelmo, 1944, pp. 81-83), which effectively discusses (and defends)
Tinbergen's efforts to specify his models by a method of trial and error. I will
elaborate on this theme of 'data mining' in Chapter 6.3.

Haavelmo rejects a Baconian view of scientific inference: it is not permissible to
enlarge the 'model space' (the set of a priori admissible hypotheses) after looking at
the data. What is permissible, is to start with a relatively large model space and select
the hypothesis that has the best fit (1944, p. 83). But, if we return to Keynes'
complaints, what if the a priori model space is extremely large (because there is no way
to constrain the independent variation in a social science, i.e. too many causes are at
work and moreover, these causes are unstable)? There is no clear answer to this question,
from Haavelmo's point of view. He holds that 'a vast amount of experience' suggests that
there is much invariance (autonomy) around, but he does not substantiate his claim.
Neither does he take resort to Fisher's solution to this problem, randomization.

4.4 The legacy of the Cowles Commission

The publications of (members of) the Cowles Commission have had a strong impact on
the development of econometric theory. However, the degree to which the ideas of the
Cowles Commission really have been practiced in applied econometrics is limited. Firstly,
the Neyman-Pearson methodology does not apply without repeated sampling. Even Haavelmo
acknowledges that repeated sampling is a fiction, and his alternative of imaginary
sampling is not less a fiction. The Neyman-Pearson interpretation reduces to a metaphor.

Secondly, the Cowles Commission (Marschak, 1950), following Haavelmo (1944),
explicitly emphasized errors in equations (simultaneous equations bias) at the cost of
de-emphasizing errors in variables (ironically, first analyzed by Koopmans, 1937). In
empirical investigations, simultaneous equations bias appeared to be of little
importance, moreover, methods to deal with simultaneity (LIML, FIML, 2SLS and 3SLS) are
either less robust then single equation methods, and/or difficult to compute (see Fox,
1989, pp. 60-61; Gilbert, 1991b).

Thirdly, the view that the theory (or 'model space') should be specified beforehand
is not very fruitful. The distinction between model construction and model evaluation is
violated in empirical econometrics (Leamer, 1978; Heckman, 1992). Only recently, this
Cowles Commission sermon has received new interest, in particular in the New-Classical
search for 'deep parameters' (Hansen and Sargent, 1980; Hansen and Singleton, 1983). The
empirical lessons that can be learned from those models are limited, and yield a
'scientific illusion' (Summers, 1991). The criticism of Summers is of interest, not
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because it is philosophically very sound (it isn't), but because it shows some weaknesses
of formal econometrics: in particular, the lack of empirical success and practical
utility)6 In a nutshell, Summers (following Leamer) argues for more sensitivity analysis,
exploratory data analysis and other ways of 'data mining' that are rejected by the Cowles
econometricians.

5. Summary

Econometrics was a late arrival in the probabilistic scene. Stigler (1986) contends that
the classification of economic data in homogeneous groups was one of the problems that
prevented an earlier birth of econometrics. In Section 2, I showed that Yule was able to
surmount those failures. He profited from the insights of Quetelet, Galton and Pearson
when he proposed the method of multiple regression. Yule also belongs to the first
statisticians to apply this method to an economic problem, and again, he pioneered in
what is known today as mis-specification analysis. Yule is more than just a synthesizer
of existing ideas: it is hard to imagine how econometrics would have developed without
his ideas.

The early econometricians certainly profited from his work. His textbook (Yule, 1929)
was well known and recommended to students of econometrics (Shewhart, 1933). His methods
were applied, for example, by Moore, Schultz and Tinbergen. Moore was criticized by
Marshall and Pigou (see Chapter 10), and Tinbergen by Keynes. The latter controversy is
most famous in the history of econometrics. Sometimes, Keynes is viewed as a dogmatic
opponent of statistical inference, but this view is quite mistaken. His attitude towards
statistics is not as negative as some believe. Tinbergen was criticized because he
selected a research topic for which the method of statistical inference is particularly
ill suited: business cycles, that are determined by investment, on its tum determined by
expectations. Keynes opposed a probabilistic treatment of expectations, as the logical
conditions for such an analysis (homogeneity, limited independent variety) are not
fulfilled.

Tinbergen was less occupied by logical problems, he did not hesitate to formulate a
probabilistic theory of expectations: a precursor to Muth. He viewed the problem of

36 Summers (1991, p. 135) is 'Popperian' by claiming that 'Science proceeds by falsifying
theories and constructing better ones.' In reality, the falsification of theories is a
rare event and not the main concern of scientists. In the remainder of his article,
Summers is much closer to the instrumentalistic approach that is supported in this thesis
(see in particular Chapter 10, below).
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homogeneity and stability as an empirical issue, his empirical investigations made him
believe that one can predict future outcomes fairly accurately by means of a lag,
business cycle models with such lags did not suffer badly from non-constant parameters.

Two problems that arise from 'Tinbergen's method' do warrant further discussion,
though, The first one is specification uncertainty, Keynes' Septuagint challenge. Chapter
6.3 discusses how different schools of probabilistic inference deal with this issue.
Stephen Stigler's contention that, since the introduction of the methods of Yule,
economists have been able to by-pass the stumbling block of invalid ceteris paribus
clauses in statistical investigations, is too optimistic.

A second problem is how empirical models like Tinbergen's may be used to test
hypotheses. Members of the Cowles Commission proposed to elaborate Tinbergen's methods
with more probability theory, in particular, the Neyman-Pearson approach to inference,
plus a probabilistic treatment of errors in variables and equations (simultaneity). In
econometric theory, these methods have gained much support. Their empirical
implementations have not been equally impressive. A different response to the testing
problem was expressed by Friedman, in his review of Tinbergen's business cycle research.
Friedman argues that specification searcb7s, like Tinbergen's, may be quite helpful in
formulating hypotheses. They are not useful to test hypotheses: this can only be done by
confronting the model with new data.
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SPECIFICATION UNCERTAINTY

It takes a lot of self-discipline not to exaggerate
the probabilities you would have attached to
hypotheses before they were suggested to you.
L.J. Savage (1962).

1. Introduction

According to the frequency interpretations of probability, the statistical model is
given. Consider Fisher (1935), which is devoted to experimental design, the 'logic of the
laboratory' (op. cit., p. 7). This logic, with characteristics such as randomization and
factorial design, underlies his theory of inductive inference. Good experimental design,
Fisher (1935, pp. 1-10) claims, justifies inductive claims based on statistical analysis
without having to rely on 'inverse probability'.

The experimental design of econometricians is done by the object itself and is,
therefore, beyond the control of the subject or econometrician. The 'axiom of correct
specification' cannot be trusted in this domain of non-experimental data (Leamer, 1978).
In this sense, modern econometrics has gone beyond Tinbergen, Koopmans and Haavelmo who
argued that the model should be given by economic theory (although the pioneers did not
estimate these models without adding their own elements to the specification).
Specification uncertainty has inspired three responses: those of testers (Hendry),
sensitivity analysts (Leamer) and 'profligate' modellers who reject 'incredible' over-
identifying restrictions (Sims' VAR approach). In this chapter, I will discuss those
responses to specification uncertainty. Although the debate between those authors is
discussed in Sections 2 and 3 of this paper, the real methodological issue is about
frequentism, Bayesianism and the importance of simplicity. Section 4 deals with this
issue of simplicity, Section 5 summarizes the chapter.
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2. The statistical theory of reduction1

2. I Reduction and experimental design

The quotations of R. A. Fisher in Chapter 3.3.1 above make clear that he views the
'reduction of data' as the major task of statistics: 'the object of statistical methods
is the reduction of data'. The statistical method to achieve this goal is maximum
likelihood: 'among Consistent Estimates, when properly defined, that which conserves the
greatest amount of information is the estimate of Maximum Likelihood' (quoted in Chapter
3.3.2). Perhaps the most important of Fisher's criteria is sufficiency, 'a statistic of
this class alone includes the whole of the relevant information which the observations
contain' (Fisher, 1925/1973, p. 15).

Fisher's statistical theory of reduction is not only based on his method of maximum
likelihood, but also on his theory of experimental design. This is a necessary
requirement in order to asses 'the validity of the estimates of error used in tests of
significance', something that 'was for long ignored, and is still often overlooked in
practice' (Fisher, 1935/1966, p. 42). The crucial element in his theory of experimental
design is randomization. Randomization takes care of the ceteris paribus clause. A
statistical model does not contain more than a few of the most important factors that
interest a researcher. Many other causes may be effective and bias the experiment to an
unwarranted conclusion. If the experiment is properly randomized, this may relieve

'the experimenter from the anxiety of considering and estimating the magnitude of
the innumerable causes by which his data may be disturbed. The one flaw in
Darwin's procedure was the absence of randomization.' (Fisher, 1935/1966, p. 44).

Fisher's theory goes beyond Yule's multivariate regression (see Chapter 5.2.2). Whereas
Yule thought that the ceteris paribus condition could be satisfied by controlling for the
most important influences, Fisher recognizes that this alone will not do to avoid wrong
inferences.

Randomization is Fisher's physical means for ensuring normality or other 'maintained
hypotheses' of a statistical model. Student's t-test for testing the null hypothesis that

1 The statistical theory of reduction should not be confused with, or related to, the
logical positivist doctrine of reductionism. According to the latter doctrine,
(meaningful) theories can be 'reduced' to sentences about observable phenomena. Such
sentences are known as reduction sentences, Ramsey-sentences and Carnap-sentences.
Logical positivist reductionism is a failure, according to Van Fraassen (1980, p. 56; see
also Hacking, 1983, p. 50).
In psychology, reductionism denotes the method to explain behaviour in terms of neural
principles (see Gardner, 1987, pp. 261-269).
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two samples are drawn from the same normally distributed population is of particular
interest for Fisher. He regards it as one of the most useful tests available to research
workers, 'because the unique properties of the normal distribution make it alone suitable
for general application.' (Fisher, 1935/1966, p. 45). Fisher's disagreement with
statisticians of the 'mathematical school' (in particular Neyman) results to a great
extend from different opinions on the effect of randomization on normality. According to
Fisher, proper randomization justifies the assumption of normality and the use of
parametric tests. Assuming normality is not a drawback of tests of significance. Research
workers can device their experiments in such a way as to validate the statistical methods
based on the Gaussian theory of errors. The experimenters 'should remember that they and
their colleagues usually know more about the kind of material they are dealing with than
do the authors of textbooks written without such personal knowledge' (1935/1966, p. 49).

2.2 Reduction and model design

Fisher's theory of experimental design is unfit for analysis of non-experimental
data. The metaphor 'experiment' has remained popular in econometrics (see Haavelmo, 1944;
Florens et at. 2 1990) but is rarely related to the kind of experiment that Fisher had in
mind. Hence, Fisher's methods of reduction usually do not apply to econometrics.

An alternative, that still owes much to Fisher (although Fisher is rarely mentioned
by adherents of this alternative), is the theory of reduction and model design. This is
sometimes called 'LSE-econometrics' (e. g. Gilbert, 1986)3 but statistical reductionism,
or simply reductionism, seems more appropriate.

2.2.1 The Data Generating Process
This theory of reduction starts from another metaphor, the Data Generating Process

(DGP) or 'actual mechanism that generates the data' (Hendry and Ericsson, 1991, p. 18;
Spanos, 1986, pp. 661-72 and elsewhere, uses 'the actual DGP'). This is a hypothetical

2 These authors define a (Bayesian) experiment as 'a unique probability measure on the
product of the parameter space and the sample space' (1990, p. 25). Upon asking the
second of the authors why the word 'experiment' has been chosen for this purpose, the
answer was that the author did not know.
3 LSE-econometrics is a misnomer. Neither all LSE-econometricians support this theory,
nor are all supporters related to LSE. Some of the contributors to this approach are
Davidson, Engle, Florens, Hendry, Mizon, Mouchart, Richard, Sargan and Spanos. The
approach has, roughly, three features. The first is its combination of time-series and
structural econometrics. The second is emphasis on mis-specification testing. The third
is the theory of reduction.
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stochastic+ process generating all the variables which are thought to be relevant for
inference. This process may contain economic variables, but also climatological
variables, sociological ones, or knowledge. The DGP is also a 'model generating process'.
The DGP could be called 'the complex reality', or even 'truth'. Replacing 'truth' by the
metaphysical notion of a generating mechanism makes the transition to a statistical model
seem less abrupt.

The DGP is unknown and, I should say, cannot be known. Paraphrasing De Finetti, the
DGP does not exist. But some reductionists tend to convert this abstraction into a thing,
to reify the DGP as a philosopher would say. They believe in the existence of the DGP,
sometimes even think it can be known. Spanos' 'actual' DGP leaves no room for
misunderstanding. Another example is Hendry and Richard (1982, in Hendry, 1993, p. 373)
who, after introducing 'the logical study of a hypothetical data generating process' (op.
cit., p. 364), assert that 'it is a common empirical finding that DGPs are subject to
interventions affecting some of their parameters.' Rather, this empirical finding
concerns the statistical model, not the (unknown) DGP.

There may be many valid statistical models even if a unique representation of a DGP
is assumed. Statistical theory, classical or Bayesian, does not depend on the assumption
of a unique DGP, this assumption is made in the context of the theory of reduction and
model design. A time series statistician may formulate a valid univariate model (see
Chung, 1974, for necessary conditions for the existence of such a valid
characterization), a Cowles econometrician will usually design a very different model of
the same endogenous variable. Although both may start with the notion of a DGP, it is
unlikely that these hypothesized DGPs coincide. Their DGPs depend on the purpose of
modelling, as do their reductions.

2.2.2 The DGP and stochastic processes
For the time being, I will take the notion of a DGP for granted. The data generated

by the DGP do not need to be stationary. They can be viewed more generally as stochastic
processes. The DGP itself, however, is usually represented in a time homogeneous form
(see below). The distribution function representing the DGP does not depend on time (this
is implicit, for example, in Hendry and Richard, 1982). The DGP may generate theories
(models) that change the pattern of the data generated by the DGP (I will come back to
the problems involved with this in Chapter 9). Still, a belief in the existence of a DGP
nearly tautologically implies the existence of homogeneous processes over time. If the
DGP changes (the relations change over time, parameters are unstable), it must itself
account for it (think of a 'meta-DGP' with stable parameters).

4 As it is characterized by a joint density (e.g. in Hendry and Ericsson, 1991).
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The DGP consists of all conceivable relevant variables of a 'grand world' in terms of
Savage (see Chapter 4.3.4). The current realization of those variables is denoted by a
vector we These variables are determined by their past realizations and initial

o
conditions (W), the matrix W = (W ,w, ... , w )' which is called the information set.o ,.1 0 1 ,·1

Among those past realizations may be expectations of current and future realizations. It
is assumed that expectations are determined by past realizations. The DGP can be
characterized by a density if the DGP is assumed to be continuous with respect to some
appropriate measure. The joint density function can be parameterized by a vector w,EQ,

where Q denotes the parameter space. If w, is assumed to be time independent, the
subscript will be dropped. We can also restrict the probability distribution itself (or
its density) to be independent of time. This defines time-homogeneity:

Time-homogeneity. If the probability distribution function of a random variable v
does not depend on time, then the process is time-homogeneous: the random
variables v" ... , v,+s are identically distributed (strictly stationary).

A similar definition can be constructed for homogeneity of random samples of cross-
section data (where randomness is defined along the lines of Von Mises' axioms; see
Chapter 3.2). Examples of time-homogeneous processes are white noise and innovation
processes (see below for definitions). Given time-homogeneity, the joint data density,
conditional on initial conditions Wo and parameters w, E Q is:5

T

nfiw,I W,.I'wJ.
t=1

(6.1)

On the right hand side of this equation, the joint data density is sequentially

conditioned, and the information set W,.l is used as shorthand for w?l·
Before discussing the theory of reduction, it is useful to define what is meant by

'loss of information'. Consider the expectation for w, as a function of past

realizations, i.e. w~ = g(W,.l) (this expectation may be based, for example, on one of
the regression models discussed in Manski, 1991). Then the residuals (forecast errors)

are defined by:

(6.2)

5 The notation for densities, introduced in Chapter 2, is used in simplified form. Hendry
and Richard (1982) make a distinction between the 'true' data density, D, belonging to
the DGP, and the hypothesized density P for a particular statistical model. I will not
make such a distinction as I believe that the DGP is as hypothetical as any statistical
model.
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These residuals should contain as little relevant information as possible. The following
definitions of stochastic processes are needed to specify what is meant by loss of
information (see also Hendry and Richard, 1982; Spanos, 1986, pp. 144-150).

White noise. The residuals follow a mean white noise process if they are
unpredictable from their own past, defined by the matrix T'_l:

(6.3)

Having white noise error components is a necessary condition for the validity of many
statistical test. A classic on this issue Yule (1926), which introduces the notion of
'nonsense-correlation' (see Chapter 5.2.3). Hendry and Richard (1982, p. 369) hold that
white noise residuals should be the minimal criterion for empirical models to satisfy.
Non-white noise processes are easily transformed to a white noise process (an example is
the Cochrane-Orcutt transformation), but the resulting process may still contain relevant
information.

Generally (e.g. in Spanos, 1986), a white noise process is further restricted to a
zero mean, weakly (i.e. covariance or second order) stationary, white noise process, by
the additional conditions:

[(v,) = 0

[(V,2) = (J'2

[(v,v,_s) = 0

'tit,

'tit,

Vt, and s 'f. O.

White noise is one of the most important stochastic processes relevant to econometrics.
As white noise errors still may contain important relevant information, there is a need
for other stochastic processes. In particular, I will define martingales (and martingale
differences) and innovations. Martingales are also crucial in economic theory (for
example in efficient market theory, see Leroy, 1989).

Martingale. v, is a martingale relative to the increasing sequence of information
sets 4>,-1 if [( Iv, I) < 00 and

(6.4)

A martingale process has a constant mean (Spanos, 1986, p. 145) and is, therefore, first
order (mean) stationary.

Martingale difference.6 v, follows a martingale difference process with respect
to the sequence of information sets 4>,_1 if [( Iv, I) < CXl and

6 Martingale differences are known as 'fair games' (Leroy, 1989). Spanos (1986, p. 147)
uses this name for martingales proper.
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(6.5)
Innovation. vt is an innovation process with respect to the sequence of
information sets ~t' if it is a martingale difference sequence with respect to
~t.1' and if the density function f(.) satisfies

f(vl~ )=f(v) vt.
t r.t 1

(6.6)

If ~t.1 contains It.1 (which is generally the case), then the innovation process is white
noise. A mean white noise process is a martingale difference sequence. Innovations (given
an information set that at least contains their past realizations) contain less
information than white noise and are, therefore, more desirable. Innovation processes are
the most important ones for the theory of reduction and model design, i.e. modelling.
Diagnostic statistics serve the investigator in judging whether the error terms are
innovations. This is why diagnostic testing may be relevant to statistician of
frequentist and Bayesian convictions alike (although some Bayesians deny the usefulness
of diagnostic testing-e.g. Leamer, in Hendry et al., 1990, pp. 215-7; see further
Section 2.2.4 belowj.?

2.2.3 Frequentist reduction: marginalizing and conditioning
The theory of reduction aims at formalizing the steps from the DGP to a statistical

model. Slightly simplified, Hendry and Richard (1982) define a statistical model of the
variable(s) YP conditional on variable(s) xt as any stochastic representation

(6.7)

where f(·) is a probability density function, St.1 the matrix containing the past of Yl

and x, and I/It the corresponding parameterization, t = 1, ... , T. The empirical model is
the numerical specification of this statistical model.

The statistical model may, but does not need to, have constant parameters. It does
not need to be stationary either. However, in general the researcher wants to formulate
models that exploit all relevant information from the data. For convenience, I will
assume that the parameters are constant (an assumption that can be tested). Reduction of
the data involves two procedures: conditioning and marginalizing. The DGP is unknown.
According to the theory of statistical reduction, the researcher starts with a (huge)

7 Leamer prefers 'graphical displays', as they are 'more human' than significance tests.
Although many of Leamer's arguments against significance testing are (in my view) quite
sensible, I do not understand why a graphical display is superior to information provided
by test statistics. Both need (human) interpretation. A statistic summarizes data and
transforms it to a message which may be hard to obtain from data peeking by looking at a
graph.
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implicit reduction by ignoring an important part of the (possibly infinitely dimensional)
I

DGP (represented by f(W IWo.wl) in (6.1» and restricting oneself to a general finite
T

dimensional statistical model of the form (6.7). As Ericsson and Hendry (1991, p. 18)

write:

'The main steps producing models from the DGP are aggregation, algebraic
transformation, sequential conditioning, contemporaneous conditioning, truncation
of lag length, and linearization. Each step entails a corresponding reduction
andlor transformation of the parameters of the DGP to produce the reduced
parameterization in the econometric model. As a consequence, all empirical models
are derived entities.'

Similarly, it is claimed that the residuals in empirical models are 'derived (and
derivable) from the DGP' (Ericsson et al., 1990, p. 20, emphasis added; note again the
reification). But how interesting is it, to claim that all models are derived entities,
if they are derived from the metaphysical notion of a DGP? If we know the DGP (as in
Monte Carlo simulations), this may be of interest, but otherwise it is hardly
illuminating. Like the DGP, models are inventions of the mind. If we do not know the DGP,
then (from an empirical point of view) saying that models or disturbances are derivable
from it is meaningless or plain nonsense. 'The DGP' may still be used as a synonym to

'the general model'.
Reconsider the representation of the DGP at time t (6.1). Decompose w; into

*' *'(w I ,YI ), and assume that parameters do not depend on time. A researcher thinks that the

variables contained in w; are of no interest and can be ignored. This can be done by
(implicitly) marginalizing the joint density (the frequentist approach to reductionism is
presented here, the Bayesian approach is discussed in Section 2.3.1 below). The first
step in doing so is to partition the density representing the DGP:

(6.8)

The joint density is factored, the parameterization w' is replaced by an induced re-

parameterization (w;,w;). The variables w; can be ignored by a researcher who is
interested only in (a function of) parameters WI' if the conditional process

f2(w; IW;_I,y:, Y:_I ,w2) does not provide information on the range of the potential values
of WI (i.e. its parameter space, 01), More precisely, marginalizing is valid if WI and W2

are variation free (the condition for a 'classical' sequential cut). 8 Marginalizing is

formally done by integrating out W;, which results in the 'reduced density' (Ericsson et

8 I.e. (wl'~) E 0l~' See Ericsson et al. (1991, p. 17, fn, 4), or Spanos (1986, p.
376). Note that 'classical' is used where 'frequentist' or 'sampling' is meant.
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al. 1990, p. 13),9

(6.9)

In practice, marginalizing the DGP to the statistical model f(Y; I Y;.I ,wI) proceeds
implicitly. The DGP is metaphysics, as is the first (and perhaps most important) step in
the reduction sequence. However, once the general statistical model (6.9) is formulated,
the researcher may continue to reduce the model, either by further marginalizing
(explicitly, this time), or by conditioning. Before doing so, note that for statistical
inference, reductionists usually impose parametric distributions and functional forms.
UsuaIJy, a linear Gaussian model is specified. Consider the conditional statistical model

f(y;IY;.I'w,) of (6.9). Thenf(y;IY:."w,)-N(j.l,E), j.l and E being the conditional mean and

variance-covariance matrix of y; respectively. The linear model is represented by the
vector autoregression (VAR):

(6.10)

which defines the residual vector ut (with ut - N(O,E».lO The residuals are derived
entities. Their properties can be designed by the modeller. The residuals in (6.10)
follow a martingale difference sequence, hence ut is an innovation with respect to the

information set (Y:.I). One of the crucial insights of the reductionist theory is that u,
does not need to be an innovation with respect to other information.

Let y; = (y; ,x;)'. In many cases, econometricians are interested in the description
of 'endogenous' variables Yt conditional on their past Yt.1 and the 'exogenous' variables
xt (with past realizations ~.I)' Conditional inference depends on factoring (6.9),

(6.11)

The first density on the right hand side is a statistical model like the one defined in
(6.7). The parameters of interest are e I or a function thereof. Whether it is necessary
to model the marginal process for xl' i.e. the second density on the right hand side,
depends on the purpose of inference and the validity of the type of relevant exogeneity

9 Formally, one needs the additional condition that Yt lL W,.,IY'*I'wl. This eondition is
not mentioned by Ericsson et al. This is not an innocuous assumption. I am grateful to
Mark Steel who pointed to this omission.
10 For simplicity, E is assumed to be constant over time. In empirical applications, the
lag length is of course truncated, usually first by implicit marginalizing, subsequently
by 'downward testing', i.e. testing for common factors or other zero restrictions.

I
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(see Engle et al., 1983). Three kinds of exogeneity are distinguished.Ll

i. weak exogeneity,
ii. strong exogeneity,
iii. super exogeneity.

Weak exogeneity is a necessary condition for valid inference on the basis of
f(yll ~_I ,~, YI_I,81) with respect to the parameters of interest. The marginal process
determining ~ can be ignored if the parameters of the marginal distribution,

f(xll XI_I'YI_I,82) carry no information on the conditional distribution,
f(YII~_I,XI'YI_I,81) and vice versa (this implies absence of cross-restrictions between
the parameters). This is formalized by the notion of a (classical) sequential cut. This
is defined (Engle et al. , 1983, definition 15.4) by the following condition:

[(YIIXI'81),(xI182)] operates a (classical) sequential cut on'f(y:IY:_I,wl) iff in (6.11)
81 and 82 are variation free, i.e. (81,82) E BlxB2. The reduction of the inference
problem resulting from conditioning by using weak exogeneity is of particular interest in
structural econometrics (unlike the VAR-approach, discussed below). Leamer (1985)
criticizes this definition of weak exogeneity, as it confounds invariance with efficient
estimation.

Strong exogeneity is needed for valid prediction of endogenous variables on the basis

of f(YIIXI_I,x"YI_I,81)' The fact that the marginal process f(xll~_1'YI_I,82) still
involves YI_I cannot be ignored except if the feedback is negligible. Apart from weak
exogeneity, the additional condition of non-predictability or 'Granger-non-causality' is
needed. Granger-non-causality is related to the question whether there is loss of
information due to conditioning, i.e. whether XI may be treated as fixed or not (but no
assumptions related to the parameters of interest are made; see Engle et at., 1983,

Section 2.5). It is defined (in the context of the current statistical model) as

(6.12)

i.e. YI_I does not Granger-cause XI' Whether this notion has anything to do with
'causality' is a topic discussed in Chapter 10.4.

Super exogeneity is used for (counterfactual) policy evaluation. If the marginal
process f(xIIXI_I'YI_I,82) changes due to a change in policy, we would like the
parameters 81 (or a function thereof) to be invariant to this intervention. The point is
related to Lucas' critique.

Given parametric assumptions, weak exogeneity of x., and assuming a linear functional
form, the conditional model f(YIIXI_I,Xt'Yt_I,81) in (6.11) can be represented by the

11 Engle et at. also discuss strict exogeneity and predetermined variables, but conclude
that these concepts are less useful.
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autoregressive distributed lag model,
T

Yt = TlaXt + L Tl1Y;.1 + ut ,
1=1

(6.13)

This model is entailed by the unrestricted VAR, (6.10). Whether these, and other
restrictions that are made if the sub-system is further reduced, are valid, should be
tested. The validity depends on the amount of information loss due to model reduction
(see section 2.4 below).

2.2.4 Diagnostics
An elaboration with respect to Fisher's approach to statistics is the rise of

diagnostic testing in econometrics. Fisher claims that proper randomization justifies a
normality assumption. But economists rarely randomize and hence cannot be sure that the
estimates have the desired properties. They use unique data, often time series, for which
the tacit statistical assumptions are seldom warranted. Instead of randomization, one may
design a model such that one is satisfied that the statistical assumptions are not
strongly violated. If diagnostic validity tests suggest that the model is mis-specified,
the modeIIer has to change the model. Hendry (1989) provides an overview of diagnostic
testing. He claims,

'The three golden rules of econometrics are test, test and test; 12 that all three
rules are broken regularly in empirical applications is fortunately easily
remedied.' (Hendry, 1980, p. 403).

Those three cheers for testing are aimed at selecting a unique favourite specification.
Other specifications which may still be of interest as well are neglected. It is a bit
like basing an index number on one favourite datum out of a set of data (Leamer, 1978).
If rival specifications, that do not perform too badly, have very different implications,
then it is not wise to ignore them. Bayesian methods can deal with pooling specifications
(see Poirier, 1991, for an example).

Instead of selecting evidence, one might aim at combining evidence (e.g. Poirier,
1991). It will rarely be the case that there is just one correct conditioning set to be
discovered by a researcher, using peGIVE. Typically, many possibilities will exist. Not
seldom, inference is sensitive to the choice of specification, and data information is
not always strong enough to remove all prior disagreements.

Another defect of diagnostic testing is the well-known 'paradox' that, if sample size
increases, any sharp hypothesis will be rejected. The point is discussed in Berkson

12 To this statement, Hendry adds a footnote, that reads: 'Notwithstanding the
difficulties involved in calculating and controlling type I and II errors.'
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(1938) (see also the discussion of Lindley's paradox, Chapter 3.4; and Chapter 10,
Section 4.2.4). Consider, for example, the F-test (of which the t-test is a special
case). This test can be written in terms of the multiple correlation coefficient, R2. For

the model y = Xf3 + u, X is nxk, the F test statistic for the hypothesis that q elements
of {3 are equal to zero can be written as

F
2 2

R - Rr n-k
(6.14)---'-,

where R; denotes the multiple correlation coefficient of the restricted model (see e.g.
Johnston, 1984, p. 505). Hence, even if the difference between the fit of the two
specifications is very small, the F-statistic can become arbitrarily large if the sample
size n increases. This problem is not an academic one, it emerges for example in cross
section studies like Deaton (1990). He estimates a consumer demand system using about
14.000 observations, and tests the restrictions that follow from the theory of demand.
Those restrictions are rejected at any conventional level of significance (see the next
chapter for further discussion). A resolution to this problem might be to let the
significance level vary with sample size. The alternative is to become Bayesian (Deaton,
1990, opts for this alternative, but on entirely opportunistic grounds). Let us turn to
the Bayesian alternative.

2.3 Bayesian reductionism

According to the Bayesian learning model, inference starts with a given information
set and proceeds as further information becomes available. In this sense, gradual
refinement (approximation) is more natural to the Bayesian paradigm than reductionism.
However, for the purpose of communicating relevant information, reductionism may be of
interest to Bayesians as well. Also for practical reasons of modelling, Bayesians like to
restrict problems of inference to 'microcosms' (Savage), neglecting the 'grand world' as
much as possible (of course, this is not different in the practice of frequentist
inference). This section deals with Bayesian efforts to formalize reduction.

2.3.1 Marginalizing and conditioning
So far, I discussed reductionism with respect to the data, with the parameters being

regarded as fixed but unknown constants. Florens and Mouchart (1985) provide a Bayesian
framework for reduction. The frequentist approach directs marginalizing and conditioning
to the sample space (this corresponds to specifying the DGP for a subset of the variables
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only and treating a subset thereof as given). Bayesian marginalizing with respect to the
parameter space corresponds to integrating out nuisance parameters, conditioning allows
for a proper treatment of restrictions on the parameters (Florens and Mouchart, 1985, p.
15). Hence, in order to accomplish a Bayesian reduction, we have to extend the analysis
with a density on the parameter space. The DGP, represented in (6.1), is supplemented
with a stochastic treatment of the parameters (again, for simplicity it is assumed that W

does not depend on t) Consider one of the sequential models in (6.1), and assume that W

does not depend on t: j(w,IW'_I'w), The Bayesian counterpart to this can be written as:

(6.15)

The prior density, !(wIWo), does not depend on the observations W:_I. As before,
•

variables W deemed irrelevant can be integrated out,

(6.16)

If in addition (y;,wl) and W;_I are independent conditionally on Y:_I, then (6.16)

reduces to j{y;,wIIY;_I)' If y; is decomposed in (y;,x;), and the parameter vector WI

into (8;, 8.i)', the posterior density for 81 and 82 is:

(6.17)

which can be partitioned as

(6.18)

Let 81 (or a function thereof) be the parameters of interest. Then one Bayesian way to
proceed with reduction is to integrate out 82, This raises problems of robustness and
computability (Florens and Mouchart, 1985). The alternative is to proceed along the lines
presented above for the frequentist reduction. An obvious reduction would be to disregard
the marginal process of 82, This can be done by a 'Bayesian cut', defined by the
following conditions (assuming proper densities):

i. 81 and 82 are a priori independent,

i.e. j{81 182,Y~) = j(81 IY~);
ii. 82 is a sufficient statistic for j{x, 181,82,X'_I'Y'-I)'

i.e. j(X,181,82,X'_I'Y'_I) = j(x,1 82,X'_1'Y'-I);
iii. 81 is a sufficient statistic for j{y,181,82,X"Y,_I)'

i.ej{y,181,82,X"Y'_I) = j(y,181>X"Y,_I)'
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A Bayesian cut is a convenient condition for the Bayesian version of weak exogeneity.
Florens and Mouchart (1985, p. 32) note that the Bayesian and the frequentist (sampling
theoretic) version of a cut refer essentially to properties of the DGP, both approaches
nearly coincide.

2.3.2 Bayesian diagnostics
Diagnostic tests in the frequentist probability interpretation are usually based on

the residuals. It is not obvious which residuals should figure in analogy Bayesian tests.
Consider the linear model,

(6.19)

A

Residuals can be constructed from the fitted values YI' but there are various choices for
these fitted values, in particular the expected values from the unconditional and the
conditional predictive densities (see e.g. Petit, 1986, p. 188).

Box (1980) argues that inference based on the sampling (frequentist) theory of
probability should be of interest for Bayesians. The argument proceeds as follows. Let
all assumptions regarding model specification be summarized by M. The joint density for
potential data y and parameters 8, given M, can be factored as

j{y,8IM) = j{8Iy,M)·j{yIM). (6.20)

The second term, the predictive density, can be obtained by

f(yIM) = fj{YI8,M)'j{8IM)d8. (6.21)

The predictive density is useful to check model assumptions (see also Berger, 1980, p.
95). The joint density obtained for a particular set of observations yd is similar to
(6.20). The first term, j{8Iyd,M), is relevant for the Bayesian researcher who is
interested in estimation (inference with respect to 8), and can be obtained using Bayes'
theorem: j{81 yd,M) ex j{e IM) 'j{y 18,M). If, however, the distribution of yd does not quite
resemble that of y, one may cast doubt on the validity of this particular inference. Such
departures of j{yd I .) from j{y I .) can be revealed by diagnostic tests. This is why it is
useful to compare the predictive density with the marginal density for the actual data,

(6.22)

Comparing j{yd IM) with j{y IM) (or a 'diagnostic checking function' g(yd» could discredit
the specification assumptions on sampling-theoretical grounds if the observed data are
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surpnsmg in view of M (Box, 1980, p. 396).13 Popular diagnostic tests, for normality,
serial correlation etc., are, therefore, of interest to Bayesian investigators, even if
specific alternatives are lacking (see also the discussion on surprise, Chapter 9.3).
Pratt (1965) gives additional examples of cases where frequentist significance tests can
be given a Bayesian interpretation (i.e. when P-values can be interpreted as posterior
probabilities of a null hypothesis). If specific alternatives are available, i.e. two
specifications Ml and M2 are compared, the predictive ratio f(yd IMl)/f(yd I M2) could be
used instead (for a Bayesian approach to testing specific alternative models, see Chapter
8.2.4; see also Poirier, 1987, for a posterior odds apporach to diagnostic testing).

Box claims that, while estimation belongs within the domain of Bayesian inference,
criticism (model testing while alternative models are not yet specified) is better done
within a sampling theoretical framework (though the usual sampling-theoretic
interpretation of such tests may be disregarded; see also Box, 1980, pp. 388-9). Dreze
and Mouchart (1989) provide an alternative argument for why Bayesians may be interested
in frequentist tests, such as the Durbin Watson test. The argument is based on a simple
cost-benefit analysis. A Bayesian statistical model with serial correlation requires at
least analysis based on poly-z densities, which is computationally demanding. Incurring
these additional costs is not necessarily worthwhile. Therefore, one may start with the
more simple model and calculate a test statistic (like DW), using the resulting
information for the decision to generalize the Bayesian specification or to stick to the
simple model (note that this approach is opposite to the reductionist philosophy).

2.4 SUfficiency

The frequentist and Bayesian versions of reductionism depend heavily on the notion of
sufficiency. I will now turn to this issue in more detail. Reductionism is based upon the
idea to move from the general (DGP) to the particular (some parameters of interest). It
is clear that much of the information in the DGP is not relevant (provides no
information) for the parameters of interest. Recall the definition of sufficient
statistics (Chapter 3.3.2). Let Xi' i = 1,... .n, be data from a random sample with
density f(. .e), e E 8. A statistic 'J = t(x;) is said to be sufficient for e if the
conditional distribution f(xi I 'J) is independent of e.

Model reduction, by marginalizing and conditioning, may lead to loss of information.

13 This comparison based on predictive densities still depends on the availability of a
prior. In many cases, a flat prior will yield results nearly identical to results
obtained by frequentist methods. In some cases, however, results will diverge (an example
is testing for unit roots).
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The kind of information loss involved depends on the relevant information set. A
classification ('taxonomy') of information sets is formulated in order to organize the
analysis of loss of information (see Hendry, 1993, p. 359, for historical background).
This classification and the related criteria for model design and model evaluation are
presented in Table 1.

Table 1. Information classification and design and evaluation criteria

A. Economic theory
B. Past data
C. Present data
D. Future data
E. Measurement system of data
F. Data of alternative models

Theory consistency
Innovation errors
Weak exogeneity
Parameter constancy
Data admissibility
Encompassing

Models with innovations errors are called data coherent. Fisher's theory of sufficient
statistics is essential to the question whether reduction by marginalizing retains all
the relevant information for the parameters of interest (Hendry, 1989, p. 24). If a model
satisfies all of the design and evaluation criteria belonging to A-F it is said to be
congruent with the available information. As 'congruent' already has a well-defined (and
quite different) mathematical meaning, a better alternative might be to speak of
sufficient models, a generalization of the notion of a sufficient statistic. For a
relation between various steps in model reduction, marginalizing, conditioning, types of
information loss and tests, see Ericsson et al. (1990, pp. 22-25).

2.5 Encompassing

An important role in the reductionist school is reserved for encompassing, 'the
notion of being able to account for the results obtained by rival models given one's own
findings' (Hendry, 1983, p. 214; Mizon and Richard, 1986, p. 657). A model (parameterized
by elEel) that encompasses another one (parameterized by e2E82) is like a sufficient
statistic for that other model, i.e. fiylel,e2) = flylel) (see Florens et al., 1991, p.
4). The encompassing literature is related to comprehensive and Cox' non-nested testing
(see Chapter 8.2.3 for further discussion; see also Hendry, 1983, pp. 214-5).

Reconsider the DGP (6.1), and two alternative reductions in a linear regression
context, based on (6.13). I will denote those models by AlDGP (a hypothetical model, of
course), Ala and Alb respectively. If one knows AlDGP' one is able to deduce the parameters
of the models AI. and Alb as functions of the parameters of the DGP, w. These functions are
written as rr.(w) and rrb(w). The union of Ala and Alb is called the minimal nesting model
AIm' According to the general to specific philosophy of reductionism, this union is
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constructed as the a priori starting point of inference. It contains specific rival
models as sub-models, and moreover is 'close' to the DGP, although this closeness is a
matter of faith, not of rigorous definition or deduction (apart from the fact that if
such a thing as a DGP exist, Mm cannot contain less information about it than M. and Mb).

M. is said to encompass (denoted by &') Mb if the parameters 1lb can be anticipated
(deduced) from the parameters 1l., or in other words, Mb can be mimicked by M a: The
parameters of Mb are interpreted as if M. is true (this yields pseudo true values for the
parameters in Mb, see White, 1982). If no information is lost by interpreting the
parameters in Mb as the pseudo true ones under M., then M.0Mb.14 More precisely, the
following definition of (parametric) encompassing can be given (see Mizon and Richard,
1986, p. 660; my notation and dropping technical details). Let 1lb/a be the expectation

under M. of the parameters 1lb: 1lb/. = [.(1lb)

Encompassing. M.0Mb with respect to 1lb if ¢ - (1lb - 1lb/.) does not differ
significantly from zero.

If this condition is not satisfied, then Mb reflects specific features of the DGP that
cannot be explained by M.. Encompassing thus defined is not yet a very interesting
concept. Any more general model encompasses an entailed specific model. The preferred
model that is derived after a sequence of reductions should parsimoniously encompass the
general statistical model (unrestricted VAR, 6.10) one starts with. The idea is that
rival models are all comparable via the DGP (again, the DGP is an essential element of
reductionist econometrics).

There are two versions of encompassing: parameter- and variance encompassing. For
linear single equations models estimated by least squares, variance dominance is a
necessary condition for encompassing (one model variance-dominates another if the former
has a smaller residual variance-Hendry and Ericsson, 1991, p. 22). In empirical
modelling, the researcher has to use estimated residual variance in applying this
principle. In practice, encompassing tests boil down to F-tests of adding variables to
the regression equation (see also Chapter 8.2.3). A problem in the interpretation of such
tests is that they are reasonably well-undersood in the case of stationary variables but

not in case of integrated variables.
An earlier argument for variance dominance is given in Theil (1971), who shows that

(within the context of the linear normal regression model), on the average, the residual

variance estimator of an incorrect specification, s~, exceeds that of the correct

specification, s~ :

14 Florens et al. (1991) extend the methodology of Mizon and Richard (1986) to a Bayesian
setting in which pseudo true values are stochastic.
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[(i - i) 2: 0
Ie' (6.23)

Given that there is a monotonic negative relationship between RZ and i, this argument
.. ~R A ~Rsuggests to maximize . s increases as long as regressors added have at-statistic

that exceeds unity, the maxW) criterion implicitly uses a significance level of about
0.3 rather than the conventional 0.05 (see Johnston, 1984, p. 505, for discussion).

Theil (1971, pp. 544-5) discusses the limitations to the residual variance criterion
(see also Gaver and Geisel, 1974, p. 53). First of all, the non-negativity of the
expectation in (6.23) is a very weak accomplishment. Furthermore, if both specifications
are false, the inequality breaks down (reductionists invoke the argument that the DGP
must be correct, the general model is 'derived' from the DGP and is, therefore, 'more'
correct than arbitrary models that are to be encompassed-this, at least, is the argument
of Hendry and Ericsson contra Friedman and Schwartz, slightly overdone). Finally, Theil
points to the data miner, who is able to find a specification with a residual variance
considerably lower than the true residual variance. This issue is discussed in Section 3
below. One may add that a consideration of the losses involved with model choice is
needed. Theil concludes:

'The real test is provided by prediction based on an independent set of data. It
is not at all self-evident that selections that are exclusively based on the
smallest residual-variance estimates lead to the best predictions.' (Theil, 1971,
p. 545).

will continue the discussion on encompassing, from a philosophical point of view, in
section 2.6, and a comparison with other approaches to testing rival models in Chapter 8.

2.6 Reductionism and philosophy

Reductionism builds on the probabilistic philosophies of Fisher and Neyman-Pearson. I
will clarify some links below. Other interpretations of probability are farther remote
from reductionism. It is clearly at odds with Von Mises theory of probability, for his
rejection of statistical small sample analysis. Von Mises has no need for a DGP, but
requires a Kollektiv, Although such a collective is metaphysical as well (an infinite
amount of data is never available for inference), he provides some principles by which to
judge whether empirical data may be regarded as a collective. Those principles are not,
applying a battery of diagnostic tests to a unique sample of, say, 42 observations.
Efforts of reductionists to give guidelines for judging whether an empirical model may be
viewed as satisfactory approximations to the DGP are on a different footing, and are much
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more ambitious.
Although there is a Bayesian version of reductionism, it is not related to the

probability interpretations of Keynes, Jeffreys, Carnap, De Finetti, or Ramsey. Of
course, this does not in itself disqualify Bayesian reductionism. Both frequentist and
Bayesian reductionism owe much to Fisher on the one hand, and Neyman-Pearson and Wald on
the other hand. This is further discussed in section 2.6.1. The philosophical origin
context of the conjecturalist approach is discussed in section 2.6.2.

2.6.1 Theories of probabilistic inference: Fisher and Neyman-Pearson
The reductionist methodology is in the spirit of Fisher's view on probabilistic

inference. Many of his concepts are used (reduction, maximum likelihood, sufficiency).
Still, Fisher is rarely mentioned.15 Perhaps his innovations are so standard today that
Fisher does not need specific mentioning. His philosophy, which is much less familiar,
has been ignored even though it is very close to the reductionist methodology. The
principal tenet of Fisher's approach to inference is to separate relevant information
from irrelevant information. The second crucial feature of Fisher's methodology, that
distinguishes it from Neyman-Pearson methods, is to interpret significance tests

(P-values) as measures of evidence.
References to Neyman-Pearson and Wald are regularly found in the reductionist

literature. There are some valid reasons for using these authors as sources of
inspiration. For example, the Wald Encompassing Test, which is the most prominent test
within the encompassing approach (e.g. Mizon and Richard, 1986), is formally based on
Neyman-Pearson principles. But the tenet of the Neyman-Pearson-Wald philosophy, to
minimize the proportion of incorrect decisions, is quite different from the empirical

investigations in the reductionist tradition.
Some reductionist econometricians are aware that, despite the formal link between

encompassing and Neyman-Pearson test procedures, the application to econometrics is based
on a different approach. Hendry makes a distinction between 'model design criteria
(exhausting the available data evidence) and genuine tests in the Neyman-Pearson sense
(based on previously unavailable evidence).' (Hendry, 1992, p. 366). When discussing

'genuine testing', Hendry writes:

'Genuine testing can therefore only occur after the design process is complete
and new evidence has accrued against which to test. Because new data has been
collected since [Davidson et al. (1978)] was published, the validity of the model

15 Spanos (1986) is an exception. In the publications of Hendry, I could trace just one
reference to Fisher-this one not related to Fisher's methodology, but to the covariance
test statistic sometimes known as the Chow statistic (Hendry and Ericsson, 1991, p. 19,
Table 2). The extensive survey paper (Ericsson et al., 1990) does not contain a reference
to Fisher, neither does the survey of Gilbert (1986).
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could be investigated on the basis of Neyman-Pearson (1933) "quality control"
tests.' (Hendry, 1993, p. 420).

Applying the encompassing principle to existing data apparently does not count as genuine
testing. I agree with this conclusion: encompassing is more in the spirit of Fisher's
views on inference. What is lacking in the encompassing literature is an explicit
acknowledgement to Fisher. In addition, Hendry's so-called Neyman-Pearson 'quality
control' tests have one thing vaguely in common with Neyman-Pearson ideas: repeated
sampling ('new data has been collected'). But Neyman and Pearson repudiate
interpretations of hypothesis testing as gathering evidence, this distinguishes Hendry's
quality control from Neyman-Pearson quality control. Neyman-Pearson testing deals with
decision and behaviour, not with evidence and inference.

2.6.2 Encompassing, progress and verisimilitude
Reductionists link their methodology to the (neo-) Popperian conjecturalist

philosophy of science. Popper and Lakatos are the favourite philosophers of Hendry, not
Camap or Keynes (i.e. the Keynes of the Treatise on Probability). Encompassing is
claimed to be related to 'the Popperian approach of learning by rejection' (Hendry, 1983,
in Hendry 1993, p. 440) and particularly to Lakatos' methodology of scientific research
programmes. For example, Hendry and Ericsson argue that:

'encompassing is more demanding than selecting models purely on the basis of
their goodness of fit. It is also consistent with the concept of a progressive
research strategy (e.g. see Imre Lakatos, 1970; Alan Chalmers, [... ]), since an
encompassing model is a "sufficient representative" of previous empirical
findings.' (Hendry and Ericsson, 1991, p. 22).16

Similarly, Mizon (1984, p. 169) argues that the encompassing principle helps to ensure
that the modelling process is progressive rather than degenerate. Mizon and Richard
(1986, p. 674) make the same claim, referring to Lakatos. Such references to Lakatos are
mistaken, however. Encompassing refers to (possibly novel) interpretations of given data
(facts), i.e. investigating whether one model can mimic the behaviour of another model.
Progressiveness or degeneration of Lakatos' research programmes refers to predicting (or
explaining) novel facts. To be theoretically progressive is to predict novel facts. A
programme is empirically progressive if these predictions are corroborated (for a further
characterization of Lakatos' research programmes, see Chapter 1.4.2; see also the
problems with regard to the idea of scientific progress presented in Feyerabend, 1975,
Chapter 15).

As an example, the empirical study of Ericsson and Hendry (1991) is neither based on

16 See also Ericsson et al. (1990, p. 27) for nearly the same quote. For related
references, see e.g. Hendry and Ericsson (1991, p. 33); Hendry (1993, p. 440).
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theoretical predictions of novel facts, nor are such novel facts corroborated. A model is
fitted to a given set of data, in a sophisticated way, but not in a Lakatosian way.
Encompassing has more to do with Popper's notion of verisimilitude than with Lakatos'
progress. Heuristically, a hypothesis is closer to the truth if the 'truth content' of
that hypothesis is at least as large as that of a rival, and the falsity content does not
exceed that of the rival (see Chapter 3.5.3 for the formal definition). In the discussion
of verisimilitude in Chapter 3, it was argued that, on logical grounds, Popper's
verisimilitude principle is untenable if both models are false. The econometric version
of it, the encompassing principle, does not suffer from this particular weakness because
of the availability of pseudo maximum likelihood estimators (see also Sawa, 1978; White,
1982). A remaining question is how mis-specified a model may be to warrant the use of
pseudo maximum likelihood techniques (Sawa, 1978, p. 1277, writes that the pseudo true
model should be nearly true, without clarifying what is meant by 'nearly true').

2.6.3 Discovery and justification
A salient feature of reductionism is its distinction between the 'context of

discovery' and the 'context of justification', a distinction that can be found in
Popper's writings and which seems to go back to John Herschel (Hendry and Ericsson, 1991,
p. 18). The constructive element of reductionism relates to the context of discovery, by
proposing a research strategy for model design and research efficiency. The destructive
element, in particular model evaluation, is related to the context of justification.
Hence, reductionism applies to both of these contexts (this distinguishes reductionism
from Popper's methodology, as Popper claims not to have positive suggestions to enhance

discovery) .
Let us first consider discovery. According to Hendry,

'since the DGP is unknown, any method of discovery might produce a Nobel-prize
winning model-as illustrated by the apocryphal tale of Archimedes' "Eureka" or
Poincare's memoirs! Nevertheless, different research strategies are likely to
have different efficiencies. If one needs to estimate "literally hundreds of
regressions" to develop a single linear relationship between four or five
variables, that strategy would seem to have a low level of efficiency relative to
an approach which could locate at least as "good" a model in a couple of steps.'
(Hendry, 1989, p. 26; see also Hendry, 1993, pp. 419-420)

Hence, reductionism stimulates discovery, it is said. But does it? I have seen
'reductionist econometricians' at work, running dozens of regressions. Apparently, the
temptation to iterate rather than operate a one-way reduction is too great. Strict
adherence to the imperatives of reductionism is an impractical research strategy (see
also the discussion on the theory of simplicity below). If, however, anyone benefits from
it (or from other heuristic devices, such as artificial intelligence programs like the
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ones presented in Langley et al., 1987, or the step wise regression algorithm in SAS), so
be it.17

Next, consider the 'context of justification'. Does the reductionist research
strategy have special merits for justification? It may do so if data description is at
stake. Sufficiency is the crucial concept in this regard and seems to be well served by a
reductionist research strategy. But if one not only wants to describe, but make
inferences, the effectiveness of reductionism seems limited. For many economists who are
interested in economic theory, fitting a model to data is different from obtaining
evidence pro or contra a theory. The response of Friedman and Schwartz (1991) to a
reductionist attack is revealing. Another skeptical attitude can be found in Summers
(1991) (who directs his fire primarily to Hansen-Sargent style structuralist
econometrics, but some of his remarks apply to the reductionist approach as well).
Summers, who defends 'pragmatic informal empirical work', argues:

'While lacking the scientific pretension of an explicit probability model,
careful historical discussions of events surrounding particular monetary changes,
such as those provided by Friedman and Schwartz (1963) persuade precisely because
they succeed in identifying relevant natural experiments, and describing their
consequences.' (Summers, 1991, p. 139)

These natural experiments, such as wars or changes of policy rules at the Fed, are
interventions that serve as identifying exogenous variables.

3. The practice of reduction: data mining

Data-mining results from an exaggerated leniency towards one's own hypotheses, or wish-
fulfillment, as Jeffreys (1961, p. 421) describes it. A remedy to data mining may be to
be self-critical, but this is not always easy. Sometimes, however, criticism is viewed as
a key element in sound scientific research. In Hendry's empirical work, the imperative to

'test, test and test' is taken seriously. Hendry and Ericsson (1991), one of the best
applications of reductionist econometrics, design a money demand equation, given 93

17 In an effort to compare different modelling strategies, I used the step wise and the
max (if) algorithms of SAS to estimate the money demand equation used in Cooley and Leroy
(1981) and criticized by McAleer et at. (1985). The resulting final regressions were the
same as the preferred model of McAleer et al., Table 3. Obviously, the resulting test
statistics suffer from pre-test bias and should, therefore, be distrusted. In some cases,
size and power of test statistics obtained by following a strictly reductionist research
strategy can be established asymptotically.
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annual observations, and report 46 test statistics. If standard errors of estimates are
included, this number grows to 108. It grows further if the implicit test statistics in
the figures are also considered. Three cheers for the reduction of data!

Friedman, in his addendum to the reply to Hendry and Ericsson, remarks that the
methodology used by Hendry and Ericsson gives too much weight to significance testing:

'In my view, regression analysis is a good tool for deriving hypotheses.If But any
hypothesis must be tested with data or non-quantitative evidence other than that
used in deriving the regression or available when the regression was derived. Low
standard errors of estimate, high t values, and the like are often tributes to
the ingenuity and tenacity of the statistician rather than reliable evidence of
the ability of the regression to predict data not used in constructing it. '
(addendum, Friedman and Schwartz, 1991, p. 49)

This discussion brings us to the problem of data mining. Friedman could invoke support
from Keynes on this issue. Keynes argues that

'If a theory is first proposed and then confirmed by the examination of
statistics, we are inclined to attach more weight to it than to a theory which is
constructed in order to suit the statistics' (Keynes, 1921, p. 338)

Keynes holds that the plausibility of an argument is derived from the union of prior
knowledge and the variety of data that support the argument. The latter approach is very
much akin to Friedman's, although Friedman would add the importance of prediction to
this, while Keynes (1921, p. 337) argues that 'The peculiar virtue of prediction or
predesignation is altogether imaginary.' 19 I will come back to prediction in Chapter 10.5.

A classic illustration of data mining can be found in the writings of Jeffreys, who
discusses testing the significance of an additional parameter at the 5 % level, given a
null hypothesis q that all variation is random:

'if we tested twenty new parameters according to the same rule the probability
that the estimate of one would exceed the critical value by accident would be
0.63. ( ... ) If we persist in looking for evidence against q we shall always find
it unless we allow for selection.' (Jeffreys, 1961, p. 255)

Jeffreys remarks that the problem was recognized by Fisher, the most important
contributor to the theory of significance testing. I am not aware of specific proposals
Fisher made on this issue. Randomization is one method to diminish the scope for data

18 Friedman is remarkably consistent. In his review of Tinbergen (1939), Friedman (1940,
p. 660) concludes: 'The methods used by Tinbergen do not and cannot provide an
empirically tested explanation of business cycle movements. His methods are entirely
appropriate, however, for deriving tentative hypotheses about the nature of cyclical
behavior' .
19 Keynes is not self-contradictory. The reason why a theory that is constructed 'to suit
the statistics' carries a low weight is that such a theory is not likely (or plausible)
on ground of general considerations.
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muung, repeated sampling a second one. Fisher, bowever, does not empbasize repeated
sampling like Neyman and Pearson do.

I will now tum to data mining in the econometric literature. The first formal
treatment (to the best of my knowledge) can be found in Haavelmo (1944), but data mining
had been an issue in econometrics before. For example, Tinbergen had to face criticisms
of data mining when presenting the first macro-econometric model to the Dutch Vereeniging
voor de Staatshuishoudkunde en de Statistiek (1936). Similar criticism was expressed by
Keynes in his attack on Tinbergen's methods. Koopmans (1941, p. 164) discusses briefly
'playing with the data', an econometrician is advised to investigate more alternative
hypotheses the less certain he feels about the validity of each of them. There is no
further formal discussion of data mining in Tinbergen's or Koopman's writings. Haavelmo
does make the step to formalization.

3.1 Haavelmo and data mining

The earliest formal treatment of data-mining in econometrics is due to Haavelmo
(1944). A problem of statistical modelling is the validity of statistical tests of
hypotheses if a theory is false anyway. In the background of hypothesis testing lingers a
maintained hypothesis: that part of the theory that remains unquestioned. For example,
this may be assumption of valid conditioning, the axiom of correct specification. This
specification of an economic theory to be tested is given by a function f. Haavelmo
relies on the assumption that the specification is valid:

'This means that we are sure-or that we accept without test-that the theory is
all right so far as the forms of the functions f are concerned.' (Haavelmo, 1944,
p. 74, see also p. 71)

It is the task of economic theory to make fruitful choices of the forms f. It is clear
from Tinbergen's work that theory is incomplete and does not fulfill this task. One part
of the Cowles Commission activities was to improve economic theory for this purpose.

The statistical methods of modelling and hypothesis testing give rise to a problem
that occurs if there is only one sample from which to infer both the form of the model
and the estimates of the parameters. This leads to a difficulty:

'In general, whenever we can establish that certain data satisfy certain
relationships, we add something to our knowledge, namely a restriction of the
class of a priori admissible hypotheses. The real difficulty lies in deciding
whether or not a given relation is actually compatible with the data: and the
important thing to be analyzed is the reliability of the test by which the
decision is made, since we have to deal with stochastic relations and random
variables, not exact relations.
From this point of view there is, therefore, no justified objection against
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trying out various theories to find one which "fits the data". But objections may
be made against certain methods of testing the fit.' (1944, p. 83).

Haavelmo refers to the case where the set of a priori admissible hypotheses, in his

notation, r:P, is not fixed but changes during the specification search: 'What is not

permissible is to let rP be a function of the sample point.' (ibid.). Note that this is
similar to the Bayesian idea of coherence. It also supports the reductionist methodology

of testing from general to specific, where rP is the most general hypothesis one can
think of (although Hendry, 1989, p. 104, makes a strict distinction between the 'context
of discovery' and the 'context of evaluation', and while he argues that the reductionist
programme is helpful for improving the path of discovery, he does not claim that making
rP a function of the data is necessarily wrong). A problem for interpreting frequentist
tests in case of specification searches remains: the sampling distributions of the test
statistics are usually not known in case of sequential testing.

Data mining violates strict Bayesian principles as well. Coherent behaviour assumes
the existence of a complete prior over all possible models, whereas in reality some
models suggest themselves only after inspection of the data. Hence, a Bayesian researcher
presents results conditional on the model(s) under scrutiny, and has to entertain non-
dogmatic priors (i.e. a certain positive probability c is reserved for the statement
'some other model is true') if prior omniscience is unavailable (see also Hill, 1986;
Poirier, 1988). There exists no theory of scientific creativity: both Bayesian and
frequentist theories of inference are incomplete in this respect, as does any other
philosophy (but see the claims of proponents of artificial intelligence modelling,
Langley et al. 1987, discussed in Chapter 4.4.6 above).

3.2 Sensitivity analysis

3.2.1 Extreme Bounds Analysis
Leamer's Extreme Bounds Analysis (EBA) is sometimes interpreted as a distinct

econometric methodology, on a par with 'LSE econometrics' and the vector autoregression
approach (see e.g. Pagan, 1987). I do not think EBA should be regarded as a distinct
methodology, but it certainly is a distinct method that intends to clarify the impact of
data mining.

Consider a regression model y = X(3 + U, u-N(O,a-2I). A researcher is interested in how
sensitive a subset of parameters of interest, (3i' is to changes in model specification.
For this purpose, one needs to distinguish 'free' variables, Xf, from 'doubtful'
variables, Xd. A parameter of interest may be free or doubtful, depending on the
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perspective of a researcher (see McAleer et al., 1985, who note that the fragility of
estimates may be sensitive to the=subjective=choice of classification). For sake of
clarity I will assume that the parameters of interest belong to the free variables. If a
researcher fiddles with Xd (for example, by dropping some of them from the
specification), it is possible that the estimates of (3; change. This depends on the
collinearity of the variables as well as the contributions of the free and doubtful
variables to explaining the variation in y. EBA is an attempt to convey how sensitive (3;

is to such changes in model specification (see Leamer, 1978, Chapter 5; also Leamer,
1983; Cooley and Leroy, 1981).

As a first step, specification changes are limited to linear restrictions on the
general model, R/3=r. If the least squares estimator is denoted by b = (X'X)-lX'y, then
the constrained least squares estimator is

(6.24)

Hence, any desired value for the constrained least squares estimates can be obtained by
an appropriate choice of Rand r. This result is like 'Pyrrho's lemma' in Dijkstra
(1991). But even ardent data miners tend to have a tighter strait-jacket than the
restrictions R/3=r. Leamer (1978, p. 127), therefore, specializes to the case of r=O. Then
it can be shown that the constrained least squares estimates lie on an ellipsoid, this
ellipsoid defines the extreme bounds.

Extreme bounds convey two messages. The first is directly related to specification
uncertainty. This message can equally well be obtained from more traditional approaches
of diagnostic testing. An example is theorem 5.7 in Leamer (1978, p. 160), which proves
that there can be no change in the sign of a coefficient that is more significant (i.e.
has a higher r-statistic) than the coefficient of an omitted variable. This can be
generalized to sets of regressors, as for example done in McAleer et al. (1985,
Proposition 2b), who transform EBA to a comparison of x2 test statistics of the
significance of the set of doubtful parameters relative to the significance of the
parameters of interest. Their condition for fragility, xa > XT, is a necessary (but not
sufficient) one (for sufficiency, one also has to know the degree of collinearity between
the doubtful variables and the variables of interest). It can be argued that this
traditional approach is easier to carry out and equally informative.

A second message, though, distinguishes EBA from more traditional approaches. This
message is about the numerical value of parameters of interest, and is related to
importance testing (instead of significance testing). A conventional significance test,
Leamer (1978) argues, is a cumbersome way of measuring the sample size. It is of more
interest to know how the value of parameters change if the model specification is
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changed.

Another difference with the reductionist programme of Hendry is related to the
problem of collinearity. According to Hendry (1989), collinearity is to be combated by
orthogonal re-parameterization. Leamer, on the other hand, argues that collinearity is
related to the question how to specify prior information, The fact that standard errors
will be high if regressors are correlated is not necessarily a problem to Leamer.

EBA is a typical Bayes - non-Bayes compromise in the tradition of Good. The
motivation given for EBA is Bayesian. Parameters are random and have probability
distributions, but, as in Keynes' and B.O. Koopman's writings, it is argued that precise
prior probability distributions are hard to formulate. Instead of specifying explicitly
unique prior distributions, Leamer advices to search over a range of more or less
convincing specifications.

3.2.2 Sense and sensitivity
While Hendry and other reductionists intend to measure the amount of mis-

specification from the data, Leamer (1983) argues that it would be a 'remarkable
bootstrap' if you could do so. In addition to the familiar standard errors reported in
econometric investigations (related to the sample covariance matrix), one should consider
the importance of M, a mis-specification covariance matrix, which largely depends on the
a priori plausibility of a model: 'One must decide independent of the data how good the
nonexperiment is.' (Leamer, 1983, p. 33). According to Leamer, M figures as Lakatos'
protective belt, which protects hard core propositions from falsification.

Leamer explicitly refers to the divergence between Fisherian statistics as used by
agricultural experimenters, and econometrics. This difference is measured by M. M may be
small in randomized experiments, but it may be quite large in case of inference based on
non-experimental data. The resulting specification uncertainty remains whatever sample
size can be obtained (although I would add that, if larger samples become available, a
natural instinct of econometricians is to increase the complexity of a model by for
example using more flexible functional forms, hence reducing the mis-specification bias).

One option to decrease M is to switch to experimental settings and randomize. This
brings us into the Fisherian context of statistical research. This option is sometimes
chosen by economists (and increasingly frequently by game-theorists).20 In many cases,
experiments are (not yet) feasible. Another approach mentioned by Leamer is to gather

20 Experiments by game theorists are illuminating for econometricians. These experiments
intend to decrease mis-specification bias. Apparently, the specifications biases are
still thought to be large relative to the remaining sampling uncertainty (captured in
Leamer, 1983, by the sampling covariance matrix S). As a result, experiments in game
theory rarely report statistical tests as evidence pro or contra a hypothesis under
scrutiny. This reminds of practice in small particle physics, reported in Giere (1988).
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qualitatively different kinds of 'nonexperiments'. If the bias due to the different
experiments are distributed independently, the specification uncertainty (represented by
M) decreases. Friedman's studies of consumption and money are typical examples of this
approach, another one is Krueger and Summers' (1988) investigation of efficiency wages.

The third response is to take for granted mis-specification and data mining, but to

analyze how sensitive results are to re-specifying the model. EBA is a method designed
for this purpose, perhaps not the best method as the bounds are more 'extreme' than the
bounds of a 'thoughtful data miner'. Many specifications that underlie points on the
ellipsoid will belong to entirely implausible models. Paraphrasing Jeffreys (1961, p.
255), if we persist in looking for evidence against a hypothesis we shall always find it
unless we allow for selection. Leamer's method tends to exaggerate the amount of
skepticism (although papers in the reductionist programme that do not investigate
sensitivity at all, exaggerate the amount of empirical knowledge that can be obtained
from econometric studies).

Granger and Uhlig (1990) suggest to make the bounds more reasonable by not taking the
extremes, but imposing constraints in addition to Rb=r. In particular, they propose to
consider only those specifications that have an R2 of at least 90 or 95 percent of the
maximum R2 that can be obtained. This proposal is very ad hoc. It does not remove the
real problem of EBA: whatever the bound, it is not clear whether the resulting
specification is plausible. Plausibility is hard to formalize, but the minimum
description length (MDL) principle, discussed below, may serve as a heuristic guide.
Goodness of fit is one element of that principle. However, relying on R2 as a statistic
for goodness of fit is not to be recommended, and even R2 is not a very good guide for a
sensible sensitivity analysis, as those statistic are bad guides in small samples
(Cramer, 1987, shows that R2 in particular is strongly biased upwards in small samples,
and both R2 and R2 have a large dispersion; Cramer advices not to quote these statistics
for samples of less than fifty observations).

A sensible refinement of extreme bounds sensrnvity analysis can be found in Levine
and Renelt (1992). They discuss the fragility of cross-country growth regressions. Among
others things, they consider regressions of GDP per capita, y (nx1), on a set of free
variables X, (nxk) , including investment shares, initial level of GDP, education and
population growth. For calculating extreme bounds, one of those variables at a tum is
set apart as the variable of interest, Xi (nx1). In addition, up to three doubtful
variables, Xd (nxl, /!f3), are included that may potentially be of importance in
explaining cross-country growth differences. These variables are taken from a list
obtained from analyzing previous empirical studies.

The result is linear equations of the following kind:
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(6.25)

The differences with Leamer's original approach are, first, the restriction l~,3.

Secondly, the (potentially very large) list of doubtful variables is restricted to seven
indicators that are argued to be a 'reasonable conditioning set'. Thirdly, a further
selection is used: for every variable of interest Xi' the pool of variables from which to
choose Xd excludes those variables that are thought on a priori grounds to measure the
same phenomenon as Xi' Those restrictions lead to smaller but more convincing extreme
bounds. This makes sense, as the bounds in Leamer's original approach may be very wide,
resulting from nonsense specifications.

Levine and Renelt not only report the extreme bounds, but also the set of variables
that yields those bounds. This gives further information to the reader who can judge for
herself whether this particular specification makes sense at all. The authors also
consider the effect of data quality on the extreme bounds. After an impressive data
analysis (without statistical validity testing, though) they conclude that the
correlation between output and investment growth is 'robust', but a large assortment of
other economic variables are not robustly correlated with growth: 'the cross country
statistical relationship between long-run average growth and almost every particular
macroeconomic indicator is fragile.' (Levine and Renelt, 1992, p. 960). With
qualifications, EBA is a useful method to perform such a study, it is hard to think of
methods in the reductionist programme that would be able to deliver a similar message.

3.3 Let the data speak

3.3.i incredible restrictions
Nearly half a century after Lionel Robbins (1935) wrote a critical chapter on

econometrics, entitled 'Economic Fluctuations and Reality', Christopher Sims wrote a
critique of econometrics entitled 'Macroeconomics and Reality'. Both are skeptical of
econometric studies of macroeconomic fluctuations. Where Robbins rejects econometrics
altogether, the econometrician Sims rejects econometric practice and suggests an

alternative econometric methodology.
Sims (1980, p. 1) observes that large-scale statistical macro-economic models 'ought

to be the arena within which macroeconomic theories confront reality and thereby each
other.' But in fact, many economists are deeply skeptical about their value. The reason,
Sims argues, is that these models rely on incredible identifying assumptions. The models

are mis-specified. Still, Sims argues that

'there is no immediate prospect that large-scale macromodels will disappear from
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the scene, and for good reason: they are useful tools in forecasting and policy
analysis.
How can the assertion that macroeconomic models are identified using false
assumptions be reconciled with the claim that they are useful tools? The answer
is that for forecasting and policy analysis, structural identification is not
ordinarily needed and that false restrictions may not hurt, may even help a model
to function in these capacities.' (Sims, 1980, p. 11)

Sims advocates, implicitly, instrumentalism to improve econometric practice. Sims (1980)
complains that economic theory is not reliable, and the imposition of identifying
restrictions will lead to incredible inference. As an alternative, he proposes to 'let
the data speak for themselves' by reducing the burden of maintained hypotheses imposed in
traditional (structural, Cowles-type) econometric modelling. This is the most purely
inductivist approach taken in econometrics, an Baconian extension of the Box-Jenkins time
series methodology (and in fact an elaboration of earlier work of Herman Wold). Sims'
instrumentalism is accompanied by a desire for causal policy projection; I will return to
this issue in Chapter 10.4.

Reconsider the unrestricted VAR, (6.10), repeated here for convenience:

(6.10)

This is also known as the unrestricted reduced form. Sims cannot do without further
assumptions, in particular, he specifies (6.10) to be a linear model. This assumption is
not innocuous and has been criticized by Leamer (1985). Non-linearities may become
important if policy changes outside the historical bandwidth. This corresponds to the
kinds of 'historical events' that Friedman uses for identifying causes of business cycle
phenomena (see above). A VAR time-series approach might easily underestimate the
importance of such historical events (but the same criticism applies to the mainstream
approach criticized by Sims as well as Leamer's own empirical work).

The linear version of the VAR (6.10) for the n-dimensional vector Yl can be

formulated as

Yt

L

L B1Yt.1 + ut '

[=1

(6.26)

with [(UtU;.i) L, i=O,
0, .-o,

and B, is an nxn matrix. For simplicity, the variance-covariance matrix is assumed to be
constant over time. In theory, the lag order L may be infinite. If the vector stochastic
process y, is stationary, it can be approximated by a finite order VAR. If u, follows a
white noise process, the VAR can be estimated consistently and efficiently by OLS
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regression (Judge et al., 1985, p. 680).

The VAR-approach brings us back to discussions on regression in which Yule, Keynes,
Koopmans and others actively participated. For example, Yule objects to detrending time
series data (a procedure popular among later econometricians, like Tinbergen). Proponents
of the VAR approach provide new arguments against differencing (as well as detrending;
see Doan, 1988, p. 8-3). Differencing will result in a loss of information (in particular
information on co-integrating vectors; for the same reason, proponents of reductionism,
like Hendry, reject differencing or detrending). Whereas Keynes (1939) complains that
Tinbergen's specifications are not credible, Koopmans (1941; 1947) proposes to tighten
the strait-jacket by imposing even more theory on the specification. Sims suggests that
we can and should do without such incredible assumptions.

3.3.2 Significance testing vs. impulse responses
The VAR approach is radically different from the plea of Hendry, to 'test, test and

test'. VAR-econometricians rarely are interested in significance tests, apart from
testing for the appropriate lag-length (by means of a likelihood ratio test or an
information criterion) and 'Granger causality' tests.21 Lag length indeed is an important

issue. The VAR contains n2
. L free parameters to be estimated. A modest five variable VAR,

with five lags, yields 125 parameters. Estimating unrestricted VARs easily results in
over-fitting. Sims explicitly opposes parsimonious modelling (i.e. getting rid of
insignificant parameters), instead, he favours a strategy for estimating 'profligately'
(Sims, 1980, p. 15). This may make predictions less reliable. Hence, unrestricted VARs
(such as in Sims, 1980) are of limited interest. Further reduction (such as described in
section 2 above) or adding prior information is desirable for obtaining meaningful
results.

The latter option is discussed in Doan, Litterman and Sims (1984), who advocate a
Bayesian view on forecasting. These authors argue that exclusion restrictions (setting
particular parameters equal to zero, a priori) reflect an unjustified degree of absolute
certainty, while while prior information on behalf of the retained variables is not
incorporated. Hence, the traditional approach to structural econometrics is a mixture of
imposing too much and too little prior information. An unrestricted VAR is a response to
the first problem, at the cost of predictive accuracy. The compromise is Bayesian: add
prior information. Specifying an appropriate prior distribution for a complicated
simultaneous system is hard, as for example is revealed in Doan et al. (1984). This has
hampered the growth of Sims' VAR research programme. A second problem that impeded Sims'

21 The 'Granger causality' test in Sims (1980, section W) is interpreted as a test for
(block-) exogeneity, and is related to the notion of 'strong exogeneity' discussed in
Section 2 above.
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programme is the return of incredible restrictions via the back door. I will tum to this
issue now.

In order to explain macroeconomic relationships, proponents of the VAR-methodology
decompose variances of the system in order to 'account for the innovations to the
system'. The latter are simulated by using impulse response functions. The moving average
representation of the VAR is:

00

Yt \' Au .L I (-I

1=0

(6.27)

For 'innovation accounting', as it is called, one needs to know how an impulse via ~
affects the future of the variables in y. A problem is that there are many equivalent
representations of (6.27) (as one may replace A by A G and u by G-Iu ), hence, many

I It-I H

different responses of the system to an impulse. One may choose G such that AoG is the
identity matrix. Then, the innovations are non-orthogonal if the covariance matrix L =

[UtU; is not diagonal (see Doan, 1988, p. 8-8, for a discussion of orthogonalization, the
following is based on this source). In this non-diagonal case, the innovations are
correlated. Hence, simulating the responses to a single impulse in one variable will
result in an interpretation problem as, historically, such separate impulses do not
occur. For this purpose, VAR modellers orthogonalize L such that G-IEG'-I = I. As a
result, the orthogonalized innovations vt = utG-I (with [VtV; =1) are uncorrelated across
time and across equations. Impulse accounting can begin, without this interpretation
problem. But a subsequent problem arises, which I think is the major weakness of the
innovation accounting approach: how to choose G. The Choleski factorization (G lower
triangular with positive elements on the diagonal) is one alternative. It has the
property that the transformed innovations can be interpreted as impulses of one standard
error in an ordinary least squares regression of variable i in the system on variables 1
to i-I. However, there are as many different Choleski factorizations as orderings of
variables. The effect of impulses are crucially depending on the choice of ordering. This
choice involves the same incredible assumptions as those that were criticized to start
with (Leamer, 1985). The Choleski factorization is by far not the only possible one,
alternatives have been proposed as well, see the references in Doan (1985, p. 8-8).

The VAR methodology intends to reduce the scope for data mining. VARs contain a large
number of parameters. But even the VAR allows the research worker three options for data-
mining: first, the choice of lag length, secondly, the choice which variables should
enter the system, thirdly, which error decomposition to use. For these reasons, I do not
think that VAR is the right response to specification uncertainty and data mining.
Economic theory remains an indispensable tool for deriving useful empirical models.
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3.4 Data mining and probabilistic inference

In this section, three alternatives to data milling were presented (a fourth
alternative, bootstrapping, has been ignored as it is rarely practised in econometncsj.V
The first, due to Haavelmo and in the tradition of Neyman-Pearson, argues that one must
define the 'hypothesis space' a priori. Without specifying the relevant null and
alternative hypotheses, the Neyman-Pearson approach breaks down (as Neyman, 1952, p. 54,
emphasizes). Haavelmo's approach is, therefore, closer to the Neyman-Pearson methodology
than Hendry-style reductionism. In the latter case, data mining as such is not a problem:
as long as the final preferred model is able to beat rivals, there is nothing to
complain. The reason why Hendry rejects data mining is that he thinks it is unlikely that
a data miner will end up with a better model than someone who follows a 'progressive
modelling strategy'.

Leamer's (1978) is devoted to the problem of data mining. In traditional
econometrics, one usually fits a (well articulated or very vague) theory to the data, in
an iterative way, dropping insignificant variables and adding significant ones. This
behaviour clearly violates the usual textbook view on econometrics, which tends to follow
the Neyman-Pearson methodology. Leamer's (1978) analysis of this conflict is brilliant,
his cure controversial and certainly problematic. Refined versions of extreme bounds
analysis still may be helpful in empirical research, as the example of Levine and Renelt
(1992) illustrates. EBA never will be a distinct methodology, at most a tool that is
useful in specific cases.

According to Sims (comment to Runkle, 1987, p. 443), significance levels in
traditional econometric models are inflated by the data's influence on the specification
search. This comment is the same as Friedman's comment on Tinbergen, as I showed in
Chapter 5. Friedman's remedy is to confront the model with other evidence. Sims proposes
another, less satisfactory, methodology. It shares with Leamer a de-emphasis of
significance testing and a revival of importance testing. The fact that significance
tests routinely indicate that many parameters in a V AR are insignificant does not bother
Sims (1980, p. 15). I agree with Sims that the importance of significance tests has been
exaggerated. However, one cannot neglect parsimony, and one cannot avoid specification

22 The 'bootstrap' is used for problems in statistical inference where specific parameters
of a distribution (like skewness, kurtosis) are not known. As many statistical procedures
are only optimal for particular values of such parameters a problem exists if they are
unknown. In such cases, it is possible to estimate these parameters from the data and use
them as if they are the true ones. Amerniya (1985, p. 135) discusses the bootstrap
estimator in the context of nonlinear least squares (NLLS) estimation.
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decisions. For prediction, unrestricted VAR's do not perform exceptionally well, the
Bayesian VARs have a better track record (see Wallis, 1989, for comparative evidence).
For policy evaluation, the choice of how to normalize the variance decomposition is an
implicit though unpleasantly obscure specification decision. The most successful
applications of VAR-modelling have been in the context of highly theory laden models,
based on plenty incredible assumptions. The best example is research on the Permanent
Income Hypothesis (e.g. Campbell, 1987). Variance decomposition is not a goal of
inference in this research area.

An alternative treatment of the data munng problem can be based on an explicitly
epistemological interpretation of probability. Although both Leamer and Sims refer to the
Bayesian approach to inference, neither of them follows the tradition that started with
Laplace and had an apex with Jeffreys. In the section below, I will return to Jeffreys'
approach. The basic insight is that variables in a model, in Lakatosian terminology,
should be consistent with the positive heuristic. This is too vague for practical
purposes (see also the next chapter), but delivers a message that can be formalized by
the theory of simplicity. Variables in an econometric model should have a high prior
probability given the remainder of the model.

4. The theory of simplicity23

'The march of science is towards unity and simplicity.', Poincare (1902/1952 p. 173)
writes. However, in econometrics, this march threatens to get stuck in a maze of
specification uncertainty. The discussion of data mining above shows that there are many
different ways to deal with specification uncertainty. Reductionism, sensitivity analysis
and profligate modelling share, as their starting point, a general, high-dimensional
model. The reductionist approach attacks specification uncertainty by means of a
'simplification search' (in the terminology of Leamer, 1978) using significance tests but
without formalizing simplicity. The other approaches do not try to devise methods to
reduce the dimension of models, their neglect of parsimony is a major weakness. In this
section, I will make an effort to formalize simplicity (parsimony) and show how it
relates to econometric modelling.

I will make use of the insights in algorithmic information theory, the theory of
inductive reasoning, and Kolmogorov complexity theory (see Chapter 4.5). It is argued

23 This section is based on joint work with Michael McAleer (Keuzenkamp and McAleer,
1993).
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that simplicity is a vital element in a theory of scientific inference. A definition of
simplicity is possible as are the optimum conditions for the desired degree of
simplicity. Understanding simplicity is important for specifying hypotheses and selecting
models.

4.1 Simplicity

4.1.1 Occam's razor
Occam's razor principle, which states that not more independent explanatory elements

are to be supposed than necessary, has strong appeal. 24,25 It is a recurring theme in
writings of early positivists, like Mach, Poincare, and K. Pearson (see e.g. Pearson,
1911), and also regularly pops up in the writings of economists. If two hypotheses Hi and
~ describe or explain the facts D equally well, i.e. P(D IH) = P(D I~), the principle
says, the simpler of the two should be preferred.

But why? Some efforts have been made to found simplicity on metaphysical grounds. An
example is the view of Isaac Newton (1642-1725) that 'Natura enim simplex est & rerum
causis superjluis non luxuriat' (Principles, 1687, cited in Pearson, 1911, p. 92). This
amounts to the statement that nature is simple, and one ought not seek superfluous
causes. A modem version of Newton's view is given by Richard Feynman, who asks, how is
it possible that we can guess nature's laws? His answer is, 'I think it is because nature
has a simplicity and therefore a great beauty.' (Feynman, 1965, p. 173). But, one might
object, this view of the physicist is metaphysical speculation, not based on facts. A
diametrical speculation is expressed by Leamer and Hendry, who both hold that 'Nature is
complex and Man is simple' (Hendry et al., 1990, p. 185). Occam's razor does not imply
that nature is simple. It only suggests that simplicity is a sound device for inference.
This is why the positivists support Occam. The pragmatic philosopher and scientist,
Charles Peirce, has a similar view:

24 There are different versions of the razor (as well as of Occam's surname). Klant (1978,
p. 49) gives the following version: 'Entia explicantia non sunt amplificanda praeter
necessitatem.' A more familiar version is 'Entia non multiplicanda sunt praeter
necessitatem' (Quine, 1987, p. 12). Neither of those versions seem to have been used by
the Franciscan and scholasticist Occam (±1295-±1350) himself. See Jeffreys (1961, p.
342) and Pearson (1911, p. 393) for further references. Occam's razor is one of the
canons of scholasticism. Additional canons, cited in Pearson (1911, p. 393), are
Principia non sunt cumulanda and perhaps the original version of Occam's razor, Frustra
fit per plura quod fieri potest per pauciora (it is in vain to do by many what can be
done by fewer).
25 Occam's principle has been revived by the Scottish philosopher, William Hamilton (1788-
1856; not to be confused with the mathematician) and the positivist Mach. Mach rejected
explanation as a goal of scientific inquiry and instead favoured description. The Minimum
Description Length Principle, discussed below, unconsciously refers to this Machian
inheritance.
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'Hypothesis in the sense of the more facile and natural, the one that instinct
suggests, that must be preferred; for the reason that, unless man have [sic] a
natural bent in accordance with nature's, he has no chance of understanding
nature at all.' (peirce, Abduction and Induction, in Peirce, 1955, p. 156)

But one still may object that Occam's razor is not operational. When, for example,
are new elements in a theory 'redundant'? To answer this question, one has to face the
trade-off between simplicity and (descriptive) accuracy. As far as I know, this was first
recognized by Gottfried Wilhelm Leibniz (1646-1716), one of the founders of probability
theory. He argues that a hypothesis is more probable than another in proportion to its
simplicity (economy of assumptions) and its power (number of phenomena that can be
explained by the hypothesis) (see Keynes, 1921, p. 303; Cohen, 1989, p. 27). Keynes does
not tell whether Leibniz elaborates on the possibility of formalizing a trade off, but it
is unlikely that Leibniz did. Neither did Keynes himself, nor his protege, Frank Ramsey.
When the latter writes on simplicity, he refers to Fisher, perhaps foreseeing the
argument presented in this section:

'In choosing a system we have to compromise between two principles: subject
always to the proviso that the system must not contradict any facts we know, we
choose (other things being equal) the simplest system, and (other things being
equal) we choose the system which gives the highest chance to the facts we have
observed. This last is Fisher's "Principle of Maximum Likelihood", and gives the
only method of verifying a system of chances.' (Cited in Edwards, 1992, p. 248)

Kemeny (1953) discusses the same issue. He defines compatibility of a theory with the
observations by the condition that the observations must lie within a 99 percent
confidence interval (Kemeny, 1953, Definition 1, p. 398). Kemeny suggests to adopt a rule
of inference, which is to select the simplest hypothesis compatible with the observed
data. This is his 'Rule 3' (Kemeny, 1953, p. 397) which has been named 'Kemeny's Rule' by
Li and Vitanyi (1992). Although intuitively appealing, this is rather ad hoc. On a
suggestion of philosopher Nelson Goodman, Kemeny remarks that it would be of interest to
find a criterion combining an optimum of simplicity and compatibility (Kemeny, 1953, p.
408), based on first principles. The optimum trade-off is not presented. Hempel (1966, p.
40) is equally unsuccessful in providing an optimal trade-off.

It is, therefore, often argued that Occam's razor is arbitrary. For example, Friedman
(1953, p. 13) argues that predictive adequacy is the first criterion to judge a theory,
simplicity the second, while realism of assumptions is of little interest. A well known
problem of Friedman's remarks on methodology is his vagueness on terminology (prediction,
realism and simplicity are not defined). Principles of simplicity that are used in

econometrics (such as Theil's Ie, or various information criteria to estimate the
dimension of models, such as Akaike's or Schwarz's, are also thought to be useful but ad
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hoc (see e.g. Judge et al., 1985, p. 888; Amemiya, 1985, p. 55).
Furthermore, a naive view would be that simple and, therefore, 'false' models are

invalid tools for making inferences. Models that are descriptively correct (in the sense
of providing a one to one mapping to the data) are rarely useful for the purpose of
obtaining knowledge or making predictions (the best known metaphor is a that of a
map-see Friedman, 1953; Leamer, 1978). Once probabilistic inference is considered,
opinions on simplicity diverge further. Popper, for instance, argues that simple theories
should have low (or zero) prior probability:

'simplicity, or paucity of parameters, is linked with, and tends to increase
with, improbability rather than probability.' (Popper, 1959, P 385).

He concludes that all theories of interest (in particular theories that are simple and
being easy to falsify, hence having high empirical content-see Chapter 1.4) should have
zero prior probability. If Popper is correct, then the philosophical approach to
inference known as Bayesianism cannot be sustained, as all posterior probabilities of
non-tautological hypotheses would have zero probability. Popper's arguments have been
criticized by Howson (1988). Still, Howson still sees no role for simplicity in
epistemology, but I will argue that simplicity is quite important for a theory of

inference.

4.1.2 The Jeffreys- Wrinch simplicity postulate
Jeffreys (1961) argues that there is good reason to give a simple hypothesis a higher

prior probability than a complex hypothesis, in particular (Jeffreys argues) because
simple hypotheses tend to yield better predictions than complex hypotheses (i.e. have
superior inductive qualities). The argument was first presented in a joint article with
Dorothy Wrinch (see Jeffreys, 1961, p. 63). Hence, simple hypotheses are a priori
favoured on grounds of degrees of rational belief (Jeffreys, 1961, pp. 4-5). As a result,
hypotheses of interest can be analyzed using strictly positive prior probability. The
argument is known as the Jeffreys-Wrinch Simplicity Postulate, SP henceforth:

Simplicity Postulate (SP). 'The set of all possible forms of scientific laws is
finite or enumerable, and their initial probabilities form the terms of a
convergent series of sum l' (Jeffreys, 1957, p. 36)

and

'the simpler laws have the greater prior probability' (Jeffreys, 1961, p. 47).

According to Jeffreys, 'Any clearly stated law has a positive prior probability, and
therefore an appreciable posterior probability until there is definite evidence against
it' (Jeffreys 1961, p. 129). The simplest hypothesis is that variation is random until
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the contrary is shown, the onus of the proof rests with the advocate of the more
complicated hypothesis (Jeffreys 1961, pp. 342-3). If the range of possible hypotheses of
interest is infinitely large, Popper seems to have a point, but Jeffreys would argue
that, in reality, no one would be able to investigate or even think of infinitely many
hypotheses.

It is clear that a Bayesian needs to have strictly positive prior probabilities for
hypotheses that are under scrutiny. Still, many Bayesians are reluctant to accept the
simplicity postulate. Examples are Leamer (1978, p. 203) who is agnostic, or Howson and
Urbach (1989, p. 292), who reject the postulate. Leamer (in Hendry et al., 1990, p. 184)
argues that simplicity may be helpful for the purpose of communication, but not for
inference. There exist, however, good reasons for accepting a modified version of the SP,
and why it serves inference.

The SP in the crude operational form given in Jeffreys (1961, p. 47) is to attach

prior probability 2-c to the disjunction of laws of complexity c, where c is measured by
the sum of the order, the degree, and the absolute values of the coefficients of
scientific laws, expressed as differential equations (this builds on Russell's claim that
scientific laws of physics can only be expressed as differential equations; Russell,
1927, p. 122).26 Jeffreys proposes to assign a uniform prior probability distribution to
laws with an equal degree of complexity. A problem is that his measurement of complexity
is arbitrary. Furthermore, as Jeffreys acknowledges, it rules out measures of complexity
of hypotheses which cannot be formulated as differential equations. Jeffreys provides

neither a formal justification for the SP nor for the 2-c rule, and acknowledges that the
prior probabilities assigned to scientific laws may not be sufficiently precise
(Jeffreys, 1961, pp. 48-49). A justification for a modified SP, and suggestions for
obtaining sufficiently precise prior probabilities needed to implement the modified SP,
are given below.

4.2 Simplicity and algorithmic information theory

4.2.1 The modified simplicity postulate
A justification for the trade-off between descriptive accuracy and parsimony can be

found in the literature on algorithmic information theory. Some notions of Chapter 4.5
are summarized for convenience. Think of a hypothesis as a string of binary digits

(bits), denoted by {O,1}.. Similarly, the observations can be represented by another

26 For example, s=a+ut+(1f2)gt expressed a~ differential equation becomes d sldt =0.
This yields a complexity of 2+1+1=4 (Jeffreys, 1961, p. 47).
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string of bits. It is possible to show that the simplicity of a hypothesis is related to
the length of the string describing the hypothesis, and this length in tum is related to
a probability measure. A problem is that this length depends on the language in which the
hypothesis is expressed. It can be shown, however, that a minimum code length for a
hypothesis does exist (Rissanen, 1983). However, this code length is not computable. The
problem then is to find a good approximation of this minimal code length. Hence, a formal
justification of Occam's razor is feasible, although the implementation of the resulting
principle is arbitrary.

According to Bayes' Theorem, the posterior probability for a hypothesis Hi given data
D is proportional to the prior times the likelihood:

(6.28)

It is assumed that the hypotheses under scrutiny are at most countable infinite)7 The
goal is to maximize the posterior probability P(Hi ID). The more elaborate is Hi' the
better will the hypothesis fit the data and the larger is the likelihood, P(D IHJ But
simultaneously, according to the SP, the prior probability, P(Hi) , declines with
increasing complexity of the hypothesis.

The more elaborate a hypothesis is, the more bits are required for its binary
representation. Rewriting (2) in negative logarithms (where log(.) denotes logarithms
with base 2, and natural logarithms are indicated by In(.», yields:

- logP(HilD) = - logP(DIH) - logP(H). (6.29)

Maximizing the posterior probability (selecting the hypothesis that has the highest
support of the data) is equivalent to minimizing the expression given in (3). In Chapter
4.5.3, it was shown that logP(H) is related to the descriptive complexity K of the
hypothesis Hi and logP(D IHi) is related to the 'self-information' of the data given model
Hi' The Solomonoff-Levin distribution was presented and this relation was formalized.

The interesting feature of the Solomonoff-Levin distribution is that it provides a
direct link between complexity and probability: there is a constant c such that for each
Hi' up to an additive constant c, we have -logPu(Hi) = K(HJ (Theorem 3 in Li and
Vitanyi, 1992, p. 357). Hence, in heuristic terms, the distribution suggests assigning
the highest probability to the simplest hypothesis, which is also the principle

27 This assumption, made by Jeffreys (1961, p. 50: 'the set of possible scientific laws is
enumerable') and also needed in rival theories of inference, such as Popper's, is not
implausible. See also (Good, 1968, p. 125), who argues that parameter values can, in
practice, take only computable values in the sense of Turing, provided that they are
specified in a finite number of words and symbols. Ramsey (1974, p. 27), who gives a
frequentist approach to model discrimination, takes the number of models as countable for
convenience.
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underlying the Jeffreys- Wrinch Simplicity Postulate. It remains to see why a preference
for simplicity (revealed by the probability ranking) would be rational and then how to

make the principle operational.
The preference for simplicity follows from the Solomonoff inference procedure for

prediction (extrapolating a binary sequence), where the goal is to infer the conditional

probability P(Sa IS) that the next segment of a string S:{O,l}' is a. According to Bayes'

theorem,

P(SalS)
P(SI Sa)P(Sa)

peS)
(6.30)

where P(SI Sa) = 1. The problem is that the 'true' prior probability P(Sa) is unknown.
Solomonoff's (1964) inference procedure is to make use of the Solomonoff-Levin

distribution. This is based on the shortest code length describing Sa (note that 2-K
(Sa)

gives the contribution to the Solomonoff-Levin distribution of the shortest code for Sa;

K denotes Kolmogorov complexity). Hence, 2-K
(Sa) ~ PUTM(Sa) (UTM denotes the prefix

Universal Turing Machine). Instead of using the 'true' probability distributions, it is
possible to use the universal distribution in (6.30).28 The resulting 'predictor' cannot
perform better than if the 'true' prior distribution is used. However, it can be shown
that, under a mean squared error loss criterion, the convergence to the 'true' posterior
is faster than for any other method, up to a constant multiplicative factor (Li and
Vitanyi, 1990, p. 216). This underlies the preference for simplicity, which will be

further elaborated below.
A problem mentioned in Chapter 4.5 is that PUTM(Hj) is not computable. This is due to

the halting problem: there are limitations on the ability of the Turing machine to
foresee whether a particular program p will provide any output or will run forever,
entering infinite loops. Therefore, a computable approximation to PuTM(H) must be
obtained. Li and Vitanyi (1992) show how a number of approaches to inductive inference
can be derived from Solomonoff's approach. These approaches encompass Maximum Likelihood
(ML), Minimum Entropy (ME) and Minimum Description Length (MDL, sometimes known as global
maximum likelihood), but also approaches that are not used in economics such as Gold's

inductive inference and Valiant learning.

4.2.2 Minimum Description Length, Maximum Lilelihood and Maximum Entropy
Rissanen (1983) shows the links between the MDL principle and ML and ME respectively.

The rather obvious link to the SP will also be presented. I will first discuss MDL.

28 According to Li and Vitanyi (1992, p_ 361), instead of using the universal
distribution, a universal semi-computable semi-measure m is used, for which -log meSa) =
-log Pu(Sa) = K(Sa), up to an additive constant c.
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Reconsider the code length of a model, parameterized bye, and the data, represented by
x. This length l(x,e) consists of the self information and the model code,

l(x,e) = -logP(xle) + lee). (6.31)

The formula is related to Bayes' theorem, written in logarithmic form. If 2-l(e) is
written as Q(e), (which can be shown to satisfy the conditions for a probability
distribution, see Rissanen 1983) then

2-I(x,e) = P(x Ie)Q(e). (6.32)

The parameter for the code length, e, is an integer and must have a prior probability
distribution on all its possible values, i.e. on all integers. To encode an integer
scalar e, approximately log2n(e) bits are required (where the integer nee) is the binary

representation of e divided by its precision). The prior probability Q(n) = T1og(n) =

lin seems a natural prior probability distribution (this is the uniform distribution
proposed by Jeffreys), but this is not a proper one. Another (related) problem is that
the computer must be able to separate different strings, without dropping the binary
character of encoding. The prefix property is needed to solve this difficulty. A prefix
code is a program or the binary representation of a model. This implies that a number
greater than log2n bits is required to encode the integer n. The exact number of
minimally required bits of the prefix code is not computable (see subsection 4.5.3,
Chapter 4). The required code length can be approximated by log'(») '" log2(n) +
log210g2(n) +... (the-finite-sum involves only the non-negative terms; Rissanen, 1983,
p. 424).29 The proper prior probability that results is:

Q(n) = lin x (1Ilog2n) x ... X (Izlog, ... log2n) x (l/c), (6.33)

where c = 2.865... The first (and dominant) fraction corresponds to Jeffreys' non-
informative prior.

The universal prior probability distribution is used to construct an 'objective'
method of inference, which is sometimes called global maximum likelihood, or the
principle of minimum description length (for derivation, see Rissanen, 1983, 1987). Let
P(x Ie) be the likelihood of the N observations of data x, parameterized by the
k-dimensional parameter vector e. I(e) = M(e)/N, M(e) is the Hessian of -logP(xl e) (the
information matrix) evaluated at the maximum likelihood estimate. Then the minimal

29 Rissanen (1983) shows that other functions than the log function have also the desired
properties, but log' is the most efficient one to represent the integers. These functions
share the property that the first term (log x) is the dominant one.
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description length MDL of the data encoded with help of the theory, and the theory
itself, is (up to a term of order (logk)/N):

k 2neN }
MDL = mine,k{ -logP(xle) + 210g(-k-) + klogllell . (6.34)

The third term containing the norm of e evaluated at the optimum makes the criterion
invariant to all nonsingular linear transformations. As noted in Rissanen (1987, p. 94),
the first two terms in the minimized expression correspond to Schwarz's (1978) Bayesian

information criterion, which is:

k
SIC = mine.k { -In P(xle) + 2 In N}. (6.35)

Schwarz' criterion can be approximated by the Akaike Information Criterion, AlC:

AlC = mine,k { -In P(xle) + k }. (6.36)

The AlC is derived as an asymptotic approximation to the Kullback-Leibler distance (or
entropy). Minimizing AlC has also been called the Principle of Parsimony (Sawa, 1978).
There are at least three problems related to the Ale. First, it does not define a proper
density (Rissanen, 1987 p. 92). Secondly, it fails to give a consistent estimate of k
(see also Schwarz, 1978). Finally, the dependence on some 'true' distribution is
problematic for its own sake, as it relies on an assumption that the pseudo-true model is
nearly true (Sawa, 1978, p. 1277; see Zellner, 1978, for a comparison of AlC with
Bayesian posterior odds; see also Judge et al., 1985; Amemiya, 1985).

Rissanen (1983, p. 428) remarks that applying the MDL-principle while retaining only
the first two terms of (6.34) has been used successfully for the analysis of AR and ARMA

models. Furthermore,

'In contingency tables, the criterion, measuring the total amount of information,
offers a perhaps speculative but nonetheless intriguing possibility to discover
automatically inherent links as "laws of nature" in experimentally collected
data. In the usual analyses such links had to be first proposed by humans for a
statistical verification or rejection.' (Rissanen, 1983, p. 428)

In other words, Rissanen (employed at IBM) advocates the automation of science. However,
his own methods confirm the view that the smaller the number of observations, the more
arbitrary the computable approximation to the 'universal' prior probability distribution
will be.

For completeness, I will compare Rissanen's prior (6.33) to Jeffreys' inference based
on an improper uninformative prior and his original simplicity postulate. This starts
from encoding a hypothesis H to an integer belonging to IN = {O,I,2, ... }. Assign prior
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IX>

probability lIi to integer i. Although this results in an improper distribution, as L lIi

i=1

diverges from 1, the procedure may work well if only a small number of hypotheses is
being considered. The prior is an (improper) approximation to the universal prior. To see

this, note that lIi = 2-log
i. For comparison, Rissanen's (proper) approximation to the

universal prior is 2-10g *, The relation between MDL and the maximum entropy principle of
Jaynes (see Chapter 4.3) is established by Rissanen (1983, p. 429) and Li and Vitanyi
(1992, pp. 375-377).

Obviously, the method of maximum likelihood is another special case of global maximum
likelihood. Given a hypothesis H that defines the parameters e of a model, and given the
data x, the goal is to maximize In P(x Ie). Hence; if the total code length is given by
L(x,e) = - In (x Ie) + L(e), then the ML approach amounts to minimizing the code length
for a fixed parameterization e as only In(x Ie) is evaluated, under the 'axiom of correct
specification'. In econometric practice, pure maximum likelihood (i.e. inference without
evaluating different specifications) is rarely applied. The attractive feature of global
maximum likelihood is that it provides a well founded criterion for the trade off between
goodness of fit and parsimony.

4.3 Some implications

4.3.1 Bounded Rationality
The modified SP leads to interesting insights. First, the ideal inference procedure

(Solomonoff's predictor) is not computable, giving support to the theory of bounded
rationality. Secondly, implications for the general-to-specific approach are discussed.
Thirdly, the relation to ad hoc inference and specification searches is dealt with.

The theory of bounded rationality, due to Simon (see Simon, 1986, for references) is
currently experiencing a revival in game theory as well in the theory of learning in
rational expectations models. Situations of boundedly rational choice emerge for
basically the same reasons as the ones that keep us from using the Solomonoff-Levin
distribution directly. Some problems are not computable. In micro-economic phenomena,
this bears on situations of strategic behaviour: in complex situations, one may opt for
simple strategies. In macro-economics, one might say that disputes on the validity of
some economic theories originate from different views on where exactly to locate bounded
rationality (consumers, who suffer from money illusion, or entrepreneurs, who are unable
to discriminate between relative and absolute price changes). These implications for
economic theory go beyond the scope of this paper, but there is a relation with
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(econometric) inference.
Keynes' famous example of the beauty contest (see Chapter 4.2) is related to the

argument. According to Keynes, the probability that one model will be chosen as the
newspaper's readers beauty queen cannot be calculated. It involves infinite regress on
behalf of the readers of the newspaper, who not only have to state their own preferences,
but also guess the preferences of other readers, and their guesses of the others
preferences, etc. (remember that the newspaper game was not to choose the beauty queen,
but to guess who would be chosen). Keynes' example is an intuitive version of the halting
problem. His conclusion is that, in a broad class of applications, it is not possible to
formulate numerically precise probability judgements. It still may be feasible to assign
probability orderings (B.O. Koopman, Good and Leamer have continued this line of

thought).
If the problem of deriving explicit and non-arbitrary prior probability distributions

would not exist, then most philosophers (perhaps even statisticians) would agree that
Bayesian inference is optimal (namely, it results in coherent probability judgements and
satisfies the likelihood principle). Bayesian prediction is an instance of Solomonoff's
predictor, which is thought to be the ideal one. But these optimal qualities may be too
good to be true. The Bayesian inference machine (conditioning, marginalizing and mapping)
is similar to Laplace's demon.30 The demon is empirically omniscient and knows the
deterministic laws of physics (such as gravitation). A Bayesian demon, to paraphrase the
metaphor, is logically omniscient by having an exhaustive set of hypotheses with their
ideal universal prior probabilities. The Bayesian demon knows in advance how to respond
to every new bit of information: there can be no surprise (this is similar to the
complete markets hypothesis of an Arrow-Debreu economy, where it is possible to make
perfectly contingent plans).

The theory of Kolmogorov complexity theory suggests why this fiction of the Bayesian
demon must be defective. Kemeny expresses his doubts as follows:

'Few, if any modem philosophers still expect fool-proof rules for making
inductive inferences. Indeed, with the help of such rules we could acquire
infallible knowledge of the future, contrary to all our empiricist beliefs.'
(Kemeny, 1963, p. 711).

Laplace's demon did not survive the quantum revolution in physics. Similarly, the
Bayesian demon is set back by Godel's incompleteness theorem or, which amounts to the
same, the non-computability of the universal prior (Li and Vitanyi, 1990, pp. 208-214,

30 Laplace's deterministic view on the character of the universe can be found in his
Theone analytique des probabilites (1812), not in his Traite de Mecanique Celeste (1799-
1825); see Suppes (1970, p. 32). Laplace uses probability theory for problems where
ignorance of complex causes prevails. See Chapter 10.4 for further discussion.
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establish the link between complexity and Gi:idel's theorem).
The possibility of indeterminate decision problems, due to the non-computability

problem, has recently been discussed by game theorists (e.g. Binmore, 1991; Rubinstein,
1990). The problem is relevant for situations of strategic decision making. Examples are
tax wars, interest rate and exchange rate policy on the macro level, or currency and
stock market speculation on the micro level. Complexity considerations affect the choice
of strategies (Rubinstein, 1990, p. 17). Although outcomes of decisions need not be
completely chaotic (random without following a probability law), they may well be.

4.3.2 The DGP and general to specific modelling
An implication of the argument on bounded rationality given in the preceding section

is that the search of those, who hold the DGP as more than a convenient fiction, for
'the' Data Generating Process is in vain. Such a process does not exist (see section
2.2.1 above), the DGP has the same fate as Laplace's long-deceased demon. Bounded
rationality implies that some decisions are made on arbitrary grounds yielding arbitrary
consequences. Of course, it is also possible that 'rules of thumb' emerge (perhaps
conventions that have proved themselves in previous instances). Such rules may generate
relative stability until they collapse due to some shock. The characteristics of the
successive process are not determined, a regime shift may result. A stable DGP is either
a fiction or a meaningless tautology. As a formal tool for modelling, the less suggestive
terminology 'general model' should be preferred.

If the data are represented by a statistical model, one hopes that the error terms or
residuals of the model are stable, and obey certain probability laws (Normal or other
ones). But, unlike the claims of reductionists, nothing forces the (metaphorical) DGP
being stable. Although I agree that constant parameters may be desirable, this is not
because human nature or society is stable. Models with time varying parameters may be
less useful in physics, they can be helpful in the social sciences.

The frequency interpretation of probability, which presumes the existence of a stable
universe (consider for example Von Mises' conditions of convergence and randomness) does
not apply to the social domain. This does not make inference impossible, but one should
explicitly acknowledge the cognitive limitations in the theory of inference that is used.
Bayesian inference with a 'human face' can deal with those limitations.

Now consider the reductionist approach to econometrics. This starts from the
presumption of the DGP and views econometrics as the reduction of this DGP to a
parsimonious model. It is argued that one has to start from a general model and test
downward. The general model is in fact a set of models, containing all possible
simplifications as elements. Hence, the larger the set of models, the higher is the joint
prior probability of all enclosed models. Poirier (1988) would say that the 'window' is
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wide, but there is no particular reason why the most general model should deserve special
credence. The argument that test statistics are not valid, in the Neyman-Pearson sense,
if they are applied within the context of invalid reductions, is problematic as even the
most general conceivable model is most likely 'wrong'. This is even so, if the
reductionist econometrician obeys Haavelmo's imperative, not to choose the general model
by looking at the data. Testing downward is sensible if one favours parsimony, but the
theory of reduction does not offer satisfactory principles of simplicity.

In actual science, simple models inspire knowledge, complex (general) models rarely
do. According to de modified simplicity postulate, it are simple models that should come
first in mind (or, what is not quite the same, have lower descriptive complexity hence
higher prior probability), and in fact, they do. It may be the case, of course, that the
investigator chooses a 'microcosm' (in the words of Savage) that is too small. The
investigator may become aware of this if, for example, the chosen set of models does not
perform satisfactorily. There is presently no formal theory that provides an objective
criterion to suggest when the 'microcosm' should be enlarged, but mis-specification tests
seem to be relevant for this purpose. As soon as a wider set of models is considered,
however, the MDL principle can be applied to evaluating these new models.

4.3.3 SimpLicity and the purpose of a modeL
Has simplicity a virtue independent of the goal of inference? Rissanen's earlier

cited remark, wherein he reveals a hope for the automation of science, suggests that
simplicity is an objective characteristic independent of subjective judgements of an
investigator or independent of the context of modelling. Rissanen (1987, p. 96) argues
that the introduction of subjective judgements in inferential problems make the resulting
inferences 'strictly speaking unscientific'. Chapter 4 dealt with problems of
objectivity, and it was argued that such objectivity is misleading (this is in particular
true for economic inference, where data information is limited and value judgements are
inevitable). The modified simplicity postulate may help, however, to introduce more
agreement on how to trade off parsimony and descriptive accuracy. Algorithmic information
theory shows why certain constraints to objective knowledge may exist, it does not lead
to the conclusion that subjective judgements are unscientific.

Subjective judgements matter, and so does the context of inference. Prediction is
different from regulation and control, for example. Usually more complex models are
needed if policy intervention is the purpose of modelling (this conviction at least
stimulated large scale macro-econometric modelling in the '60s and '70s, and their
complex successors with more elaborate micro-foundations today). Nevertheless, this does
not violate the (modified) SP. Given the goal of inference, the rule should be to select
the set of models that is able to meet the goal, so that the SP is used in order to
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choose the appropriate model.
One might object that the MDL principle does not pay sufficient attention to the

purpose of the modeller. If, from the MDL perspective, Einstein's relativity theory is
superior to classical mechanics in describing red shifts, should one use it to predict
the position at time t of a football that received a hit at t-l? The answer is negative:
if the input data are macroscopic, then it is likely that inductive inference related to
the position of the football will yield superior results using classical mechanics. The
MDL principle would suggest that the extra bits to describe the relativity part of the
more complex model do not improve the predictions and should, therefore, be disregarded.
No physicist would consider starting from the relativity model and test downwards, in
this case.

If the goal of inference is to make money, for example, by predicting stock prices,
the criterion is not to maximize simplicity but to maximize dollars. The example in
Rissanen (1987) is interesting in this respect: applying the MDL principle leads to the
random walk model of stock prices. A model with trend fits the data better, but the extra
storage code needed to describe the trend parameter does not weigh against the
improvement in the fit of the model. Rissanen concludes, wrongly, that this proves that
'any successful stock advice must either utilize inside information, which is not in the
data, or it is entirely the result of luck.' (Rissanen, 1987, p. 97). While the quoted
remark may be true, this cannot be inferred from the fact that the trend in the data has
only limited descriptive power. A money-maker still might prefer the model with trend
(but even then transaction costs are probably higher than the expected returns).

Application of the modified simplicity postulate will be most fruitful in purely
data-instigated modelling strategies for prediction purposes. The justification is less
evident in case of a theory-driven modelling strategy. In that case, an investigator may
reject a model that, on the grounds of an application of the MDL criterion, out-performs
a more simple one, if the additional complexity of the model has no theoretical
underpinning (see also below). But if an a-theoretical approach has superior predictive
power, then it would seem natural to increase the skepticism towards one's theoretical
convictions .

4.3.4 Simplicity and the Duhem-Quine thesis
According to the Duhem-Quine thesis of testing theories, a negative test result

cannot disconfirm a theory. The rejection affects one (or more) element(s) of a whole
test system, one cannot be sure which element is invalidated by the test. If a prediction
of a scientific theory turns out being wrong, one can adjust any part of the test system
(sometimes called 'web' or 'cluster'), not just the hypothesis of interest. The
simplicity postulate reduces the impact of the Duhem-Quine thesis, although its logical
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status is not altered.

According to the modified simplicity postulate, simple theories have stronger a
priori predictive power than complex models. Adding ad hoc auxiliary hypotheses to a
model and using them for modified predictions based on the revised test system will
reduce the a priori predictive power of the model. The reason is that ad hocness means
unrelatedness to the other theoretical notions that are used to set up a model. Hence, ad
hoc alterations of theory need a larger additional code (bits) and, therefore, they
increase the total description length. Negative test results should lead to efforts to
adapt the model as coherently as possible, minimizing ad hocness (hence additional code
length). This view receives support from Quine's suggestion, to introduce the 'maxim of
minimum mutilation' in responding to a test result: 'disturb science as little as
possible, other things equal' (Quine, 1987, p. 142).

4.4 Final remarks on simplicity

The idea that the only valid way of inference proceeds by testing downward, starting
from maximal attainable complexity, rests on a misconception of scientific inference.
Jeffreys remarks that:

'scientific method depends on considering at the outset the hypothesis that
variation of the data is completely random, and modifying it step by step as the
data are found to support alternatives' (1961, p. vii)

The starting point for inference is to regard all variation in data as random, and

'then successive significance tests warrant the treatment of more and more of it
as predictable, and we explicitly regard the method as one of successive
approximation.' (Jeffreys, 1957, p. 78)

Jeffreys (1957, p. 76) argues that if the method of successive approximation is not used,
one is committed to explaining in detail every separate residual. Jaynes (1989) has a
similar view on scientific progress, which is based on the Maximum Entropy Principle.
Rosenkrantz (1983, p. 78) defends such a strategy, and calls it 'structured focusing'.
His approach starts with constructing a good first-order approximation (representation,
in the terminology of Hacking). Anomalies are observed and followed by more refined
approximations (I will criticize this view below). The reverse approach, from general to
simple, may be very cumbersome or can even lead the researcher astray (see the views of
DNA researcher Watson, cited in Rosenkrantz, 1983). In econometrics, Zellner is a rare
exception in support of the simplicity postulate. Zellner opposes a 'top-down' (general
to specific) approach (see Zellner 1982b).
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There exists widespread disagreement on the role of simplicity in inductive
(econometric) inference. The basic insight presented here is that simplicity, or its
mirror image complexity, can be measured by the minimum number of bits needed in a
computer program that describes a theory and its observations. Note that Lucas (1980)
states as an explicit goal of economics to write such a computer program. At the optimum
level, the joint complexity of data, as described by the model, and the model description
itself, are minimized.

This way of formalizing simplicity is instructive for various reasons. It clarifies a
limitation to induction, due to the non-computability of an ideal universal prior. The
skillful (but subjective) hand of the econometrician is indispensable. Econometric
inference is boundedly rational. The general-to-specific approach suffers from the
weakness that it is not possible in empirical applications to estimate a general model
encompassing all conceivable variables that may affect the variables of interest.
Obviously, one cannot estimate the DGP, even if it does exist. A general empirical model
is literally false. What is of interest, is how well the model is able to represent the
data, or predict new data, or provide insights in economic policy. Whether the model
mimics the DGP is a problem of metaphysics. If an econometrician has reason to think that
models of different complexity might be equal candidates for some given purposes, (s)he
has to consider all of them and evaluate their quality using a modified simplicity
postulate.

5. Summary

In this chapter, I evaluated different approaches to the problem of specification
uncertainty. Today, the approach in vogue is statistical reductionism. It argues that the
proper way of inference is to start with a general model, or even 'the DGP', and descend
step by step to the more specific and simple model, until a critical line on loss of
information is crossed. General to simple is an inversion of the history of scientific
inference, though. Scientific progress in physics illustrate the sequence of increasing
complexity (consider planetary motion: from circles to ellipses to even more complicated
motions based on relativity; from molecules to homogeneous atoms to protons, neutrons and
electrons to smaller particles). Keplers' laws were mis-specifications, but were they,
therefore, invalid? The same question can be raised for cases in empirical econometrics,
like the investigation of consumer demand. The first econometric studies were based on
very simple models, with few observations. Today's investigations not infrequently are
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based on more than 10.000 observations, and are much more general (less aggregated, more
flexible functional forms, etc.). Were the pioneers wrong, misguided by their simple mis-
specifications? Although reductionism does not pretend to be a theory of scientific
development, such questions point to the defect it has as a modelling strategy. All
models are wrong: Keppler's, Tinbergen's, and Ericsson and Hendry's alike. Some are
useful. Keppler's clearly were, so were Tinbergen's. Whether the same applies to the
models (hende, the modelling strategy) of reductionist econometricians still has to be
proved.

Given the limited amount of data, a perfect general to specific approach (i.e.
starting from a very large dimensional parameter space) is not feasible: one has to start
inference with relatively simple models anyway. But this may not be the most important
problem with reductionism. Following the arguments of Section 4, a relatively complex
model should receive low prior probability if inductive inference is the goal. 31
Therefore, the only justification for making models more complex is after the data show
that the simple model is defective.

This does not imply that practical researchers have to follow a simple-to-general
approach instead. Box (1980, p. 425) suggests that scientific progress involves an
iterative inductive-deductive course. I agree with this point of view, but would add
another iterative process: between approximation (inspired by the 'simple to general'
approach, section 4 above) and reduction (inspired by reductionism, section 3 above).
Applied econometricians usually start with relatively simple models, which are gradually
complicated if additional data become available or if the simple models are unable to
cope with specific demands of the investigator. Adding variables (or lags) may also
result in the belief that some others may be redundant. This results in a simplifying
iteration (the simplification search in Leamer, 1978). The iteration is also between
Savage's grand world and the search for a small world microcosm (see Chapter 4, equation
4.7).

Specification freedom is a nuisance to purists, but an indispensable aid to practical
econometricians. The next chapter illustrates how econometricians have made use of
specification uncertainty in order to find a useful empirical description of consumer
behaviour.

31 For deductive inference, e.g. refining general equilibrium theory, complexity does not
have to receive a penalty, there is no trade off such as the one that inspires the
modified simplicity postulate.



Chapter 7

IN SEARCH OF HOMOGENEITY

Many writers have held the utility analysis to be an
integral and important part of economic theory. Some
have even sought to employ its applicability as a
test criterion by which economics might be separated
from the other social sciences. Nevertheless, I
wonder how much economic theory would be changed if
either of the two conditions above were found to be
empirically untrue. I suspect, very little.
Paul A. Samuelson (1947, p. 117).1

1. Introduction

After discussing general problems of statistical and econometric inference, I will tum
to a few case studies. This chapter deals with consumer behaviour, the next chapter
contains an illustration of inference on the Natural Rate Hypothesis.

The theory of consumer behaviour has provided us with a number of properties of
demand functions. Such demand functions have been estimated, the predicted properties
have been compared with the empirical results. Among the most interesting properties is
the homogeneity condition, a widely accepted piece of economic wisdom that however does
not seem to match reality.

This homogeneity condition is theoretically very appealing. It is directly related to

the assumption of rationality of individual behaviour. I will discuss this theoretical
importance of homogeneity in more detail below. The condition is also of other interest.
It can be and has been tested by econometricians. I will discuss why the resulting
rejections were not interpreted as Popperian falsifications of demand theory .
Furthermore, the role of auxiliary assumptions is discussed (this is also relevant for
the discussion of the Natural Rate Hypothesis in the next chapter). Finally, I will
discuss the merits of Leamer's 'specification searches' for interpreting the literature
on testing homogeneity.

1 The two conditions are derived from revealed preference theory, from which the
homogeneity condition can be deduced (Samuelson, 1947, pp. 111, 116). Compare with his
remark: 'As has been reiterated again and again, the utility analysis is meaningful only
to the extent that it places hypothetical restrictions upon these demand functions.'
(1947, p. 97)
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2. The status of the homogeneity condition: theory

2.1 Introduction

The condition of homogeneity of degree zero in prices and incomes of Marshallian
demand functions belongs to the core of microeconomic wisdom. Simply put, this condition
says that if prices and income change proportionally, expenditure in real terms will
remain unchanged. This has a strong intuitive appeal. Some economists call it the absence
of money illusion, they claim that it is a direct consequence of rational behaviour.

The homogeneity condition results from an idealizing hypothesis, i.e. linearity of
the budget constraint which, jointly with a set of idealizing hypotheses related to the
preferences of individuals, implies an ideal law, the so-called Law of demand. The Law of
demand states that (compensated) demand curves do not slope upward (see e.g. Hicks 1939,
p. 35 and below). Another ideal condition that can be derived from the idealizing
hypotheses is symmetry and negative deftniteness of the so-called Slutsky matrix of
compensated price responses. Economists have tested these conditions, and, in many cases,
they had to reject them statistically.

2.2 Falsifiable properties of demand

2.2.1 Axioms and restrictions
The economic theory of consumer behaviour is founded on a set of axioms and

assumptions. Let preferences for consumption bundles q be denoted by the relations z and
>, where '" indicates 'is weakly preferred to', and > indicates 'is strictly preferred
to'. The following requirements or 'axioms of choice' are imposed (see Deaton and
Muellbauer 1980, pp. 26-29).

Axioms of choice
AI. Irreflexivity: for no consumption bundle q, it is true that q>q.
A2. Completeness: for any two bundles in the choice set, either ql"'l or l2:ql or both.

A3. Transitivity (consistency): if ql>l and l>l, then ql >l.

In addition, we often find three more axioms: A4. continuity, A5. nonsatiation, and A6.
convexity of preferences.
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The first three axioms define what economists regard as rational behaviour. Al to A4
imply the existence of a well-behaved utility function,

'U ( q ,0 , ... ,q ),
1 "2 n

(7.1)

where q denotes the (positive) quantity of commodity i (i=l, ... ,n). The utility function
I

is continuous, monotone increasing and strictly quasi-concave in its arguments, the
quantities q .. The consumer has to pay (positive) price P. per unit of commodity i.

I I

The fourth axiom is not required for rational behaviour (it rules out lexicographic
preferences even though these may be the taste of a perfectly rational individual) but is
generally imposed for (mathematical) convenience. A5 ensures that the solution is on the
budget constraint instead of being inside the constraint (hence, there is no bliss
point). A6 allows to make use of standard optimization theory but is unessential for

neoclassical demand theory.
Utility is maximized subject to the budget constraint. An important additional

restriction usually imposed on the consumer choice problem is linearity of this

constraint:

RI m, (7.2)

;=1

where PI,P2""Pn is the set of prices of n different types of commodities qn that a
consumer likes to acquire, and m is the budget (means) available for consumption.

Yet another restriction needed if one wants to carry out empirical analysis, is to
impose a particular functional form on the utility function or derived functions (in
particular the indirect utility function, and the expenditure function), and to select an
appropriate set of arguments that appear in the utility function. I will summarize these

constraints in:

R2. Choice of a particular functional form.
R3. Choice of arguments.

To begin our analysis of the theory of consumer behaviour, we may ask whether these
axioms and assumptions are idealizing hypotheses in the sense of Nowak (1980). Such
idealizing hypotheses are false, in the sense that they are in conflict with reality.
Most economists would agree that this is the case for AI-A6 and RI-R3. Economic
behaviour, it is argued, is explained by the set of restrictions and axioms stated here,
but it is acknowledged that economic subjects do not always fit the strait-jacket. This

provides the food for psychologists.
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Indeed, tests of the axioms (such as transitivity, and in particular tests in a
situation of choice under uncertainty) have repeatedly shown that the axioms are violated
by mortals-even by Nobel laureates in economics. The papers in Hogarth and Reder (1986)
provide ample evidence against 'ideal' rationality as defined above.

Not only the axioms are 'false', also the additional restrictions are defective. We
know, for example, that occasionally prices do depend on the quantity bought by a
particular consumer. Either because the consumer is a monopsonist, or because of quantity
discounts.2 This would imply a non-linear budget constraint. However, such non-
linearities are thought to be fairly unimportant in the case of choosing a consumption
bundle.

Hence, the axioms and constraints are 'false', but still they are very useful for
deriving economic theorems. One such theorem is the 'Law of demand', to be specified
below. But the axioms and further restrictions are not just instrumental in deriving
'ideal laws', they also serve to interpret the 'real world'. It has even been argued that
a researcher who obtains empirical findings or correlations that imply violations of any
of AI-A6 and RI, is not entitled to call such correlations 'demand functions' (Phlips
1974, p. 34, see also below), the estimates of the parameters are not valid estimates of
elasticities. Such violations can be found by analyzing the properties of demand
functions that can be deduced from the axioms and restrictions. I will now tum to this
issue.

2.2.2 Demand junctions and their properties

Reconsider the utility function. Income and prices are not arguments in the utility
function. Furthermore, the function presented is a static one, independent of time. Both
assumptions are examples of R3. The individual agent maximizes utility subject to the
budget constraint. Solving the optimization problem results in the Marshallian demand
equations that relate desired quantities to be consumed to income and prices, of which
the one for good i reads:

MD q = f (m,p ,p , ... ,p ).
I I I 2 n

(7.3)

It is by way of (7.2) that the prices p and m enter the demand equation.
I

Alternatively, it is possible to formulate demand functions in terms of a given level
of utility, the so-called Hicksian or compensated demand functions:

2 This is relatively unimportant in the ordinary consumer choice problem, which consists
of choosing between goods q and q, but features prominently in the study of demand for

I J
leisure (i.e. the theory of labour supply). In that case, increasing marginal tax rates
have an important impact on the budget constraint of the maximization problem.
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HD (7.4)

It is now possible to be more explicit about the properties of demand functions.
There are four properties of interest (see Deaton and Muellbauer 1980, p. 43-44):

Pl. Adding up: the total value of demands for different goods equals expenditure.
P2. Homogeneity: the Marshallian demand functions are homogeneous of degree zero in

prices and expenditure, the Hicksian demands are homogeneous of degree zero in
prices.

P3. Symmetry: the cross price derivatives of Hicksian demand functions are symmetric.
P4. Negativity: the matrix of cross price derivatives of Hicksian demand functions is

negative semidefinite.

It is P4 in isolation which is often called the 'Law of Demand' (Deaton and Muellbauer
1980, p. 44). It is a typical example of an 'ideal law'. It implies downward sloping
(compensated) demand functions (with the own price of the good on the vertical axis).
Occasionally, the four properties taken together are interpreted as defining demand
functions (Phlips,1974). Note that Hicks (1939, p. 26, 32) shows that the downward
sloping compensated demand curve is (using Nowak's terminology) a concretization of
Marshall's original demand function. Marshall derived the condition that the
(uncompensated) demand function is downward sloping by imposing that the marginal utility
of money is constant. When this idealizing assumption is dropped, the remaining results
are still of interest and, one might add, closer to reality (truth).

The homogeneity condition (P2) states that if m and all Pi are multiplied by the same
factor, the quantity demanded of good i (or any other good) is not changed. Hence,

qi = h( m,p ,p, ... ,p ) = h(am,ap .ep , ... ,ap )
1 2 n 1 2 n

(7.5)

(or 8q/8a = 0).3 The price and income terms enter the demand equation via the budget
constraint. It is clear that replacing Pi by api and m by am has no consequences for the
composition of the set of quantities demanded satisfying the budget constraint. Prices do
not appear in the utility function (7.1). Hence, the homogeneity condition is hardly more
than a simple implication of the budget constraint and only a very weak condition of
rational choice. Deaton (1974, p. 362) argues that it is hard to imagine any demand
theory without the homogeneity and even identifies non-homogeneity with irrationality (in
which case either P2 or RI should be added to AI-A3 in defining rational behaviour).
Deaton is not alone in viewing P2 as an indispensable condition. For example, Phlips

3 Nowak's condition to qualify as an idealizing assumption (Nowak, 1980, p. 28).
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(1974, p. 34) writes that

'Every demand equation must be homogeneous of degree zero in income and prices.
( ... ) In applied work, only those mathematical functions which have this property
can be candidates for qualification as demand functions.'

will now tum to the question whether empirical work on estimating demand functions
served a particular role in 'concretizing' the theory of consumer behaviour. In
particular, I will focus on testing P2, the homogeneity condition.

For expository reasons, it is useful to write (7.3) in double logarithmic form and to
impose linearity:

In. ql. = (3. + 1)ln. m + '-c ..ln. p.
I I LJ IJ J

i,j = 1,... .n, (7.6)

where 1) is the income elasticity of demand and c.. are the demand elasticities for the
I IJ

price of good j. If multiplication of means m and all prices p by the same factor leaves
J

q unchanged (see (7.5», then the following condition should hold:
I

1) + '- e .. = o.
I LJ IJ

(7.7)

This equation has been the basis for a number of empirical tests of the homogeneity
condition. An alternative formulation has been used as well, which will be derived now.
The price elasticity can be decomposed as:

(7.8)

where w. =pq/m is the share of expenditure on good j in total expenditure. Now we can
J J J

rewrite (7.6) as:

In. q = (3 + 1) (In. m - '- w.ln. p.) + '.c~ln. p ..
I I I LJ J J LJ IJ J

(7.9)

As is obvious from (7.9) the 1).W. component of c., is the part of the price reaction
I J g

which can be neutralized by an appropriate change in m. Thus the c *. are known as the
IJ

compensated (or Slutsky) price elasticities as opposed to the uncompensated ones. It

follows from the property that LW = 1 that the homogeneity condition (7.7) is equivalent

with:

(7.10)

Both (7.7) and (7.10) have been used to test homogeneity.
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2.2.3 Homogeneity and the systems approach
In principle, there are as many demand equations as there are commodities. They

should all satisfy the homogeneity condition if that is globally valid. One single
contradiction invalidates it as a general property. A test of homogeneity should,
therefore, involve all equations. A natural approach would be a formal test of the
homogeneity condition for all equations at the same time.

The systems approach to demand analysis supplies an opportunity for such a type of
test. A first tentative example of this approach is Leser (1941). The empirical
application of the Linear Expenditure System (LES) by Stone (1954b) paved the way for a
flow of demand systems, each with their specific merits.

In the systems approach one uses in principle the same functional form for all
equations of the system. From the point of view of testing homogeneity, using the same
functional form for all demand equations is not really needed. Johansen (1981) views it
as a strait-jacket, reducing too much the empirical validity of the system. Departing
from this practice, however, makes the use (or test) of other properties of demand
functions, like symmetry, very cumbersome. It would reduce the attraction of the systems
approach as a relatively transparent, all-encompassing, internally consistent and
empirically applicable instrument of demand analysis.

Let us tum to the famous early example of an application of the systems approach:
the LES. The utility function (7.1) is specified as:

\' f3 = 1,is i
(7.11)

with {3 and '1. constants ('1. < q , (3. > 0), and i = 1,... ,n. This utility function is
1 I I I I

maximized subject to budget equation (7.2). The first order conditions for a maximum are
solved for the optimizing quantities to yield the demand equations:

iJ = 1,... ,n. (7.12)

Multiplying through by P. yields an equation for optimal expenditures as a linear
I

function of m and the prices. Note that all prices appear in each demand equation. Note
also from (7.12) that homogeneity is an integral part of the specification (not strongly
at odds with Stone's findings of 1954a, see below). It cannot be tested in this
framework. Indeed, the LES was not invented to test demand theory, but to provide a
framework for the measurement of allocation. The importance of the LES consists in its
nature as an allocation system, showing how total means are exhaustively allocated over
various uses. Significance tests reported should be interpreted as referring to the
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accuracy of estimates, not the accuracy of the theory.

Other types of specification, however, do allow for testing the homogeneity
condition. One important type makes use of duality and starts off from the indirect
utility junction, expressing the maximum obtainable utility for a given set (m,p) where p
indicates a vector of prices:

'Uif (m.p), f (m,p), ... , f (m.pj] = V(m,p).
I 2 n

(7.13)

Such a function is theoretically homogeneous of degree zero in (m,p), but one does not
need to impose this property on the specification. Using Roy's identity, one can obtain
Marshallian demand functions:

qj = - (av/ap)/(av/am), (7.14)

with the same functional form but not necessarily homogeneous of degree zero in (m.p).

One can replace the f(m,p) in (7.13) by I(n) where n is the vector of prices p divided
I I

by m. Then V(m,p) specializes to V'(n). Since rr is invariant for the same proportional
change in m and the p., this reformulation conserves the homogeneity condition. The

I

counterpart of (7.14) is then:

qj = - (av'/ap)/(av'/am). (7.15)

It is essential that (7.15) is distinguishable from (7.14), for example, in the form of
restrictions on the parameters to be estimated. One can compare the empirical performance
of (4.4) with that of (7.15) for all equations of the system together. If that of (7.14)
is significantly better than that of (7.15) one has to reject the homogeneity condition.
The Generalized Leontief System of Diewert (1974) and the Indirect Translog System of
Christensen, Jorgensen and Lau (1975) are examples of (7.14). These systems were,
however, not used to test homogeneity separately from the other restrictions.

A related approach stipulates the functional form of the expenditure junction. This
function expresses the minimum amount of means m needed to reach a certain utility level
for a given set of prices p. Like the indirect utility function, it is a concept that
reflects the utility optimizing behaviour of the consumer.

The expenditure function can be obtained by solving m in the indirect function (7.13)

in terms of 'U and p, yielding, say, m('U,p). According to Shephard's Lemma the partial
derivatives of the expenditure function with respect to p are the Hicksian (compensated)

I

demand functions in terms of 'U and p. Replacing 'U by the right hand side of (7.13) gives

the desired demand functions. Homogeneity implies that m('U,p) is homogeneous of degree
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one in the prices: if prices double, expenditure must double as well in order to reach

the same utility level. If that is the case indeed and V'(n) is used to replace 'U in the
Hicksian demand functions, the demand functions are homogeneous of degree zero in m and
p. However, one does not need to impose the homogeneity restriction right away. In this
manner, it may be tested on observable behaviour. A typical example of a system that
corresponds with this approach is the Almost Ideal Demand System of Deaton and Muellbauer
(1980).

Still another approach takes a shortcut and writes down the demand functions directly
in terms of m and p and a set of coefficients. Byron (1970), for example, applies the

double logarithmic formulation of demand functions (7.9) with constant 1) and e~. The
1 IJ

homogeneity condition is then (7.10) which can be tested. This specification is somewhat
less convenient if one also wants to test another property of demand functions, the
Slutsky symmetry condition. Theil's (1965) formulation of the Rotterdam System is in this
respect more tractable and at the same time also allows for testing homogeneity. Theil
(1965) multiplies both sides of (7.9) in differential form by w, being the expenditure

1

share of good i in the total budget.

2.3 Sources of violations

2.3.1 Invalid axioms
It may be true that one or more of A1-A6 are invalid, implying that subjects do not

maximize utility. This is sometimes called 'money illusion'. In that case, changes in
absolute (rather than relative) prices may not be recognized as such and, therefore,
induce changes in real expenditure patterns.

Locating the source of a violation of homogeneity in defective axioms has been a rare
response. Marschak (1943), an early tester of homogeneity, is an exception. The problem
with this approach is that, apart from 'anything goes', a vialbe alternative theory of
demand does not exist, at least in the microeconomic domain. Deaton (1974) is typical. He
rejects this response, as it would require a hypothesis of irrational behaviour. This is
not an attractive alternative (Deaton 1974, p. 362).

An alternative that still imples rational behaviour is to add a stochastic element to
the utility function (Brown and Walker 1989). This is an interesting point, as it shows
the differences between the object (the observing econometrician) and the subject (the
rational individual). Even though the subject behaves consistently with A1-A6, the
econometrician cannot observe all relevant factors that determine individual's
preferences. In most empirical studies, this is reflected in adding a disturbance term to
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demand equations 'as a kind of afterthought' (Barten 1977). By relating a stochastic
disturbance term directly to individual's utility, it is acknowledged that individuals
differ and that these differences are not observable to the econometrician. The utility
function (7.1) is extended with a disturbance term, the demand equations (7.3) will have
random parameters. The econometrician not only has to stick an additive disturbance term
to his specification, but also has to take care of random parameters (as e.g. in Brown
and Walker 1989).

2.3.2 Invalid restrictions
The restrictions RI-R3 above may be invalid. First, consider RI, linearity of the

budget constraint. In reality, prices may be a decreasing function of the quantity
bought. It is difficult to think of cases where this invalidates the homogeneity
condition directly.

The functional form, R2, is more likely to generate a clash between theory and
empirical results. Since the pioneering work of Schultz, Stone and others, extensive work
has been done to create more general functional forms for utility functions or demand
equations. In addition, the system approach which takes advantage of the cross-equation
restrictions meant a leap forward. During the 1970s, much effort was spent to invent more
flexible functional forms, inspired by Diewert' s (1971) use of duality. It is not clear
however, how the choice of a functional form affects tests of the homogeneity condition
(apart from the fact that, for some functional forms, tests of homogeneity cannot be
carried out). The increased subtlety of the specifications generally does not result in
'better' test results. More recently, non-parametric approaches to inference have been
used to test the theory of consumer behaviour (see below).

The choice of arguments that appear in the demand eqauation, R3, may be
inappropriate. For example, some variables are omitted. The validity of an empirical test
of homogeneity or symmetry is conditional on the correct specification of the model, the
maintained hypothesis. Some examples of omissions are:
a. snob goods (goods that are more desirable if their prices go up, also known as Veblen

goods). For such goods, the utility function must include prices. However, such goods
are rare and may, therefore, be legitimately omitted. Snob goods have never been
invoked to explain a rejection of homogeneity.

b. the planning horizon. If consumers maximize lifetime utility rather than contemporary
utility, the optimization problem should be formulated in lifetime terms. However, if
m in (7.3) is sufficiently highly correlated with the life-long concept of available
means and if the price expectations are also highly correlated with the prices in
(7.3), the included variables take over the role of the omitted ones and homogeneity
should hold. The mentioned considerations are an empirical matter, not a purely
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theoretical one. Hence, homogeneity mayor may not hold in the specification. This is
a problem that cannot be settled by a priori deductive reasoning. In general, mis-
specification of (7.3) might result in biased estimates of the coefficients in the
demand equations. The bias could be away from, or towards homogeneity. Dynamic mis-
specification is not the only possible source of rnis-specification. Omission of
variables representing changes in preferences can obscure homogeneity even if it is
true;

c. goods not included in the goods bundle considered. In theory, the maximization
problem should be formulated in the most general form possible, with all conceivable
arguments that any consumer might be willing to consider. All conceivable qualities
of goods should be specified in the choice set. This is impossible for the empirical
economist. In applied work, goods are aggregated, the level of aggregation differs
but it is impossible to do without aggregation (see below).

2.3.3 Invalid approximations
All empirical demand systems approximate some kind of ideal demand system. It is

possible that a rejection of homogeneity is caused by bad approximation to the ideal
rather than actual non-homogeneous demand equations. As Theil (1980, p. 151) remarks,
translog specifications (such as employed by Christensen, Jorgenson and Lau 1975) have
been recommended on the ground that quadratic functions in logarithms can be viewed as
second order Taylor approximations to the 'true' indirect utility function. They are
accurate when the independent variables take values in sufficiently small regions. Still,
even if these regions are sufficiently small, the implied approximation for the demand
functions may be very unsatisfactory. It follows from Roy's rule that the demand
equations are only first order approximations (in this respect the indirect trans log
system is similar to the Rotterdam system).

Clearly, there is a basis for doubt about the validity of the homogeneity condition
in a specific model. At the same time, it is not clear how important deviations from the
ideal world characteristics which underlie the theory of demand are in reality .
Homogeneity, like symmetry, is an ideal world consequence. For several reasons (discussed
below) it may be useful to impose it on empirical models of actual behaviour. Whether
this imposition is valid, depends not only on the resemblance of reality to the ideal
world, but also on the validity of the auxiliary assumptions mentioned above. These
considerations inspired the investigations of the homogeneity condition in consumer
demand.

Another approximation relates to how the variables are measured. For example, the
variable m (means) in (7.3) is usually calculated using the budget equation. The impact
this has on the empirical validity of the homogeneity condition is not clear. Measurement
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error is of relatively little interest, at least empirical researchers have rarely
investigated errors in variables as a source of rejecting homogeneity (Stapleton,
mentioned in Brown and Walker 1989, is an exception but he does not provide sufficient
evidence to show that empirical results are driven by measurement error).

2.3.4 Invalid aggregation
The properties of demand functions for individual agents and elementary goods do not

necessarily carry over to demand functions for aggregates of goods by aggregates of
individuals. All empirical investigations cited in this chapter deal with such aggregate
demand functions. In more recent empirical investigations, applied to cross sectional
micro-economic data, homogeneity and symmetry remain occasionally problematic (see the
survey by Blundell, 1988). An additional 'problem' for testing those conditions in such a
context is that the number of observations usually is very large. A typical example is
Deaton (1990), who estimates demand functions given a sample of more than 14.000
observations. As noted in Chapter 6 (Section 2.2.4), with such large samples any sharp
null hypothesis is likely to be rejected given a conventional (five or one percent)
significance level. Not surprisingly, Deaton reports a rejection (of symmetry ,
homogeneity is not tested).4

Conditions for aggregation over goods are spelled out in Hicks (1939). Most
economists are not troubled by aggregation over goods, empirical deviations from Hicks'
composite commodity theorem (if the relative prices of a group of commodities remains
unchanged, they can be treated as a single commodity) are thought to be unessential.

Apart from aggregating over goods, economists often test demand theory by aggregating
over individuals. Again, this may be inappropriate. Conditions for aggregating over
individuals are sketched in Deaton and Muellbauer (1980a and 1980b). An interesting step
has been the formulation of an Almost Ideal Demand System, that takes care of flexible
functional form and aggregation issues. Conditions for aggregation are so strong, that
many researchers doubt that findings for aggregate data have any implication at all for
the theory of consumer demand, that deals with individual behaviour. Blundell (1988)
discusses examples of testing the theory using non-aggregated data. Still, even if
disaggregated data are used, the properties of demand are occasionally rejected by the
data.

2.3.5 Invalid stochastics
The statistical tests reported below all rely on assumptions concerning the validity

of the test statistics. Most important are assumptions related to the appropriateness of

4 Deaton's resolution to this rejection is to become an expedient Bayesian. He invokes
the Schwartz (1978) criterion, which 'saves' the symmetry condition.
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asymptotic statistics to small samples, and assumptions on the distribution of the
residuals. These assumptions are frequently doubtful.

Consider the early econometric efforts to estimate demand functions, e.g. Moore
(1914). Model specifications were selected after comparing the goodness of fit of
alternative models. Karl Pearson's goodness of fit (x2) test (Pearson 1900) was the tool,
but the properties of this test statistic (in particular the relevance of degrees of
freedom) was not well understood before 1921. Similarly, more recently, systems of demand
have been estimated. Testing homogeneity in a system of demand equations is dependent on
the unknown variance- covariance matrix. In practice, this has to be replaced by an
estimate, usually a least squares residual moment matrix. Econometricians who used these
tests were aware that the samples available for investigating consumer demand were not
large enough to neglect the resulting bias, but Laitinen (1978) showed that the
importance of this problem had been grossly underestimated. Many statistical tests do not
have well understood small sample properties-even today. I will return to this issue in
section 5.

Statistical tests of homogeneity also usually assume specific distributions of the
residuals. Models of random utility maximization problem (Brown and Walker, discussed
above) suggest that the assumption of homoskedasticity may be invalid. If the residuals
are heteroskedastic and no correction is made, tests tend to over-reject homogeneity.

In short, in the econometric evaluation of consumer behaviour, investigators started
with two additional 'axioms':

A 7. Axiom of correct specification
AB. The sample size is infinite

A7 relates to the validity of the 'maintained hypothesis'. This is rarely the case, taken
literally, but econometricians behave as if their model is correctly specified. Still, A7
may be invalid, causing a rejection of homogeneity. This is related to invalid
restrictions R2 and R3, but the purely statistical argument about the stochastics of the
demand equations has been further exploited by those who favour a non-parametric approach
in inference. Varian (1983) argues that a major drawback of parametric testing is the
fact that a rejection can always be attributed to wrong functional forms or rnis-
specification.

AB might also be labelled as the asymptotic idealization. Many tests are based on
this assumption of the availability of an infinite amount of data. Again, no one would
claim that a particular sample obeys this requirement, but it is a matter of dispute when
'large' is large enough. In econometrics, it is clear that sample sizes are not quite as
large as AB would require. This has been acknowledged early on. Following R.A. Fisher,
Haavelmo (1944) relies on a weakened version of AB:
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A8' The sample is a random drawing from a hypothetical infinite population

This version of Asymptopia has gained tremendous popularity among econometricians, but an
uncritical belief in A8' may result in an unwarranted rejection of the properties of
demand.

3. Empirical work

The history of testing the homogeneity condition reads as a short history of econometric
inference. All kinds of problems of inference are discussed, different approaches in
statistics are applied to estimating and testing demand equations. In this section, I
will use a number of empirical studies to illustrate some of the problems of econometric
inference.

3.1 Early empirical work

3.1. 1 Goodness of fit
The earliest known statement about the law of demand goes back to Davenant (1699),

who observed a negative relation between the quantity of corn and its price. The relation
differs from (7.3) in several respects. First of all, it takes the quantity given and the
price to be determined. This makes sense for agricultural goods. For the purpose at hand
the fact that only one good and one price are considered is more important because
homogeneity involves a set of prices and means. The simplified relation may be justified
by an appeal to a ceteris paribus clause: the other prices and means are taken to be
constant. Whether this can be maintained empirically was beyond the scope of Davenant.
Most likely, the assumption was invalid, which does not diminish the importance of his
effort as a crude first approximation.

It lasted until the 19th century before the quantity demanded was made dependent also
on other prices than its own. Walras (1874) needed all quantities to depend on all prices
and vice versa for his general equilibrium framework. According to Walras, the choice of
the numeraire, the unit in which the prices are expressed, is arbitrary. This, of course,
is a way of stating the homogeneity condition, and to the best of our knowledge the first
time it was done. Walras did not pursue an empirical analysis. Henry Moore was one of the
first economists to make a statistical investigation of demand functions. Homogeneity was
not among his interests, however.
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What is of interest in Moore's work is the source of his statistical theory. Moore
attended courses in mathematical statistics (1909) and correlation (1913) with Karl
Pearson (Stigler, 1962). Pearson, one of the champions of positivism and measurement, was
a clear source of inspiration in Moore's efforts to measure elasticities of demand. Two
of Pearson's innovations, the correlation coefficient and the goodness of fit test, were
instrumental in Moore's investigations.

Moore (1914) attacks the frequent use of ceteris paribus clauses for being
unrealistic. Instead, he suggest that the method of multiple correlation is a good
alternative to the ceteris paribus clause, as it only assumes that 'other things' change
according to their natural order (Moore 1914, p. 67). This suggestion may have been
provoked by a letter of Alfred Marshall, dated January 16, 1912. In this letter, Marshall
criticizes Moore's (1911):

'it proceeds on lines which I had deliberately decided not to follow years ago;
even before mathematics had ceased to be a familiar language to me. My reasons
for it are mainly two.

(1) No important economic chain of events seems likely to be associated with any
one cause so predominantly that a study of the concomitant variation of the two
elements with a large number of other causes representing the other operative
causes: the "caeteris paribus" clause-though formally adequate seems to me
impractible.
(2) Nearly a half of the whole operative economic causes have refused as yet to
be established statistically.' (Marshall, cited in Mirowski, 1989, p. 222).

Marshall's theme continued to be expressed by critics of econometrics, like Pigou, Keynes
and Robbins. Moore is not impressed. Applying modern statistical methods, 'the calculus
of mass phenomena', is feasible because of the emergence of abundant data (Moore, 1911).
Of course, in reality Moore and the other early econometricians had very limited data
sets, certainly not of the size requested for example by Von Mises. Small sample theory
does not belong to the contributions of Pearson either.

Stigler (1962) notes that Moore was not aware of losses of degrees of freedom in his
applications of Pearson's x2 (goodness of fit) test. This is no surprise, as such
corrections became under the attention of statisticians not before 1921, when Fisher
provided the argument. Pearson himself was most reluctant in acknowledging this point to
Fisher (see Joan Fisher Box 1978, pp. 84-85). Moore's use of goodness of fit tests was as
modern as could be expected.

Moore's legacy not only consists of his early empirical work on demand, but is also
his 'professed disciple' (Stigler, 1962), Henry Schultz. Schultz (1928), a pioneering
authority in this field, estimates demand functions for sugar. After a short discussion
of Cournot and Marshall (suggesting a demand equation with the own price of the demanded
good as the only explanatory variable; a ceteris paribus clause states that all other



216 Pan II. Inference in Econometrics

prices are constant), Schultz turns to the so-called 'mathematical school' of Walras and
Pareto. Here, the quantity demanded is a complicated function of many price variables.
Schultz wonders:

'How can we deal with such complicated functions in any practical problem? The
answer is that, although in theory it is necessary to deal with the demand
function in all its complexity in order to show that the price problem is
soluble, in practice only a small advantage is gained by considering more than
the first few highly associated variables.' (Schultz 1928, p. 26)

Schultz follows the pragmatic approach, by estimating a simple sugar demand equation with
real income and prices deflated by the CPI as explanatory variables. His motivation is
neither to exploit explicitly, nor to test, homogeneity, but to see if the fit is better
than with using absolute prices.

Schultz (1938) makes use of theoretical insights of Slutsky and Hotelling and even
provides an informal test of the symmetry condition (Schultz 1938, pp. 633, 645). A
formal test for homogeneity is not pursued, although some casual information on its
validity is provided. 5 After discussing the question whether estimation of demand
functions should use absolute or relative prices, Schultz chooses the latter, because:

'competent mathematical statisticians have long felt that every effort should be
made to reduce the number of variables in a statistical equation to a minimum.'
(Schultz 1937, p. 150)

Schultz cites a contemporary mathematical statistics book, written by R.W. Burgess, who
argues that 'two or three variable correlation (... ) will be found more valuable than the
cursory inspection implied by regression equations in four or more variables'.

The choice of variables is inspired by this pragmatic statistical motivation, not by
theoretical argument. The informal test is to compare a demand equation using real price
and consumption per capita on the one hand, and nominal price and nominal consumption on
the other hand. Scaling by a price-index and a population index has the same goal: to
improve the fit. The results (p. 71 and p. 80) show no difference in fit.

3.1.2 Money illusion?
Schultz is not interested in testing theory or the homogeneity condition. Rather, the

purpose is to estimate elasticities. Marschak (1943) goes beyond this: he wants to test
the null hypothesis of 'absence of money illusion,.6 The following motivation is given.

5 By a 'formal' statistical test, I roughly mean a goodness of fit test, a Fisherian
significance test, or a Neyman-Pearson test. These methods were available around 1938,
but not much used by economists. Instead, economists who used statistics were primarily
interested in estimating the magnitude of parameters. One might call this 'importance
testing'. It should be emphasized that I do not intend to criticize this behaviour.
6 Marschak's paper inspired Popper's 'zero method', the method of constructing a model on
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'For the economist, our "null hypothesis" has an additional interest on the
grounds (1) that it is a necessary (though not sufficient) condition of rational
behavior, defined as using one's income to one's best satisfaction, (2) that it
supplies a justification for using "deflators" in economic statistics and for
discussing the demand relationships in terms of so called "real" incomes and
prices, and (3) that it is incompatible with important theories of unemployment.'
(Marschak 1943, p. 40)7

The theoretical background is the Slutsky-equation from which the restrictions on demand
functions are derived. Marschak's empirical model of demand is a combination of an Engel-
curve and price substitution effects. Just one demand equation is estimated: demand for
meat. The explanatory variables are income and the prices of meat, other food and non-
food. The test carried out is not a formal significance test, but standard errors of the
estimates of elasticities are given. Using (7.7) for the test, the estimated elasticities
reject Marschak's null hypothesis. The numerical magnitude of the income elasticity is
larger than the sum of the price elasticities. Marschak is unique in the history of
testing homogeneity for his willingness to interpret his rejection as a falsification,
although a 'sweeping verdict' on the validity of the null hypothesis should not yet be
made (1943, p. 48).

3.1.3 Stone and the measurement of consumer behaviour
We will now tum to the monumental study of Stone (1954a). His model is an example of

the set of double logarithmic demand equations, discussed above. Stone (1954a, p. 259)
employs (7.10) for the actual test. Estimates are given for 37 categories of food, based
on data for the period 1920-1938. The equations are parsimonious (not all substitution
terms are included-this would be impossible, given the limited number of observations).
Although they result from a search for 'the best significant equation' (1954a, p. 328),
no one would regard Stone's efforts as data mining. Stone gives the following motivation
for his investigation of demand theory:

'In the first place it gives rise to a number of hypotheses about the
characteristics of demand equations which, in principle at any rate, are capable
of being tested by an appeal to observations. These are the "meaningful theorems"
of Samuelson, which, however, will here be termed verifiable theorems. One such
theorem is, for example, that consumers do not suffer from "money illusion" or,

the assumption of complete rationality. See Popper (1957, p. 141) and below.
7 Incompatible theories of unemployment are Irving Fisher's theory that people are more
sensitive to changes in income than to changes in prices, or Keynes' theory of
unemployment (Marschak, 1943, p. 41). Following a suggestion of Leontief, Marschak
mentions 'two directions in which Keynes' theory can differ from our "null-hypothesis":
(a) the demand for a commodity can depend on present prices and income in a way
incompatible with the hypothesis; (b) the demand can depend on past instead of (or along
with) present prices and incomes.' It remains unclear what the properties of a Keynesian
demand equation might be.
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put more specifically, that demand equations are homogeneous of degree zero in
incomes and prices so that a simultaneous multiplication of incomes and prices by
the same positive constant would leave the amounts demanded unchanged.
In the second place these implications of consistent behaviour usually involve
some restriction on the parameters of the demand equations. Thus the homogeneity
theorem just referred to entails that the sum of the elasticities of demand with
respect to income and all prices is zero.' (Stone 1954a, p. 254)

Stone refers to Samuelson (1947, p. 4), who defines a meaningful theorem as 'a hypothesis
about empirical data which could conceivably be refuted, if only under ideal conditions'.
From the actual test, Stone infers that,

'with two exceptions, home produced mutton and lamb, and bacon and ham, the sums
of the unrestricted estimates of the price (substitution) elasticities do not
differ significantly from zero. Accordingly, the assumption that the condition of
proportionality is satisfied is supported by the observations.' (Stone 1954a, p.
328)

The significance level employed is the familiar 5 %. Stone wants to verify, not falsify.
Would he have been a falsificationist, he had concluded that the two rejections cast in
doubt demand theory, as the theory should apply to all demand equations together.
Instead, he appears to be pleased with the results and continues by imposing homogeneity,
interpreting the estimated equations as proper demand functions, the parameters as proper
elasticities.

3.2 Empirical work based on demand systems

The first test of homogeneity in a systems approach is carried out in Barten (1967).
The test is a joint one for homogeneity and symmetry, hence not a test of homogeneity
alone. The homogeneity part of the test is based on (7.10). Although it was calculated,
the result of a separate test for homogeneity was not published. This result suggested
that the homogeneity condition was not well supported by the data, but it was unclear
whether the result was robust. The joint test of homogeneity and symmetry, which was
published, did not lead to strong suspicion of these conditions taken together. Testing
demand theory is not the main goal of the paper: the focus is on estimation.

In this context, and given the very strong a priori appeal of the homogeneity
condition, Barten summarizes the evidence on homogeneity as follows:

'we may conclude that the empirical data used here are not inconsistent with the
homogeneity property. That is, we have not been able to find with any great
precision the effect of a monetary veil.' (Barten 1967, p. 81)

However, the first published formal test of homogeneity in a systems approach, Barten
(1969), is a rejection of homogeneity. The model uses the Rotterdam specification for 16
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consumption categories and data (for the Netherlands) ranging from 1922-1939 and 1949-
1961. It is estimated with maximum likelihood. Applying maximum likelihood estimation to
a complicated problem, showing its fruitfulness, is the real purpose of this paper. An
easy by-product is the the application of a likelihood ratio statistic to test

homogeneity.
Hence, testing homogeneity itself is not the major goal of the paper-but the result

was as unexpected as disappointing (the disappointment may have stimulated efforts to
counter the rejection, making it a source of inspiration for the subsequent specification
search). The rejection confirmed the unpublished earlier one: homogeneity seemed on shaky
grounds, although a viable alternative was not considered. The basic motivation for
testing was that it could be done, it showed the scope of new techniques.

The strong a priori status of the homogeneity condition made one of the leading
experts in the field to suggest not to publish the rejection, as it might have been due
to computational or programming errors. Publication would unnecessarily disturb the
micro-economics community. When it became clear that the results were numerically correct
and the rejection was published, responses varied. Some authors argued that demand
systems which invalidate homogeneity do not count as interesting ones (e.g. Phlips, see
below). Others working with different specifications and with different estimation and

testing techniques tried to replicate the experiment.
Byron (1970) replicates using the double-logarithmic approach to postulate a demand

system. Using the same data as Barten (1969), Byron duplicated the rejection of
homogeneity (and symmetry). After providing his statistical analysis, Byron finds it
'worthwhile to speculate why the null hypothesis was rejected.' (1970, p. 829). He

continues:

'It is possible that the prior information is simply incorrect-that consumers do
not attempt to maximize utility and do experience a money illusion due to
changing prices and income. It is quite likely, however, that this method of
testing the hypothesis is inappropriate, that aggregation introduces errors of a
non-negligible order of magnitude, that the applications of these restrictions at
the mean is excessively severe for data with such a long time span, that the
imposition of the restrictions in elasticity form implies an unacceptable form of
approximation to the utility function, that preferences change, or that the naive
utility maximization hypothesis needs modification for the simultaneous
consideration of perishables and durables. Such arguments are purely speculative:
the only definite information available is that the imposition of the
restrictions in this form on this data leads to the rejection of the null
hypothesis. '

In other words, Byron lists a number of auxiliary hypotheses that may cause the
rejection. The tested hypothesis itself may be right if one of the auxiliary hypotheses
in the test system is wrong. In philosophy of science, this is known as the Duhem-Quine
thesis. A theory is an interconnected web, no test can force one to abandon a specific
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part of the web (see Quine 1953, p. 43). I will consider this issue in section 4.3 below.
The problem for Barten, Byron and other researchers is that they fail to have a
preconception of where to go, what lesson to learn from the significance tests.

The rejection of homogeneity for Dutch data might be an artifact of the Netherlands. 8
Hence, other data sets were used for estimating and testing a systems approach to
consumer demand. The homogeneity condition was rejected for Spanish data using both the
Rotterdam specification and the double-logarithmic one by Lluch in 1971. The UK is next
in the search for homogeneity. Deaton (1974) compares a number of specifications of
demand systems (five versions of the Rotterdam system, as well as the LES, Houthakker's
direct addilog system and a model without substitution effects). The data range from 1900
to 1970 and distinguish nine consumption categories for the U.K. Using the likelihood
ratio test, Deaton (1974, p. 362) concludes that the null hypothesis of homogeneity is
firmly rejected for the system as a whole. A closer look at the individual demand
equations shows that the category 'travel and communication' and the category 'food'
cause the problems. This result is consistent with the observation in Deaton and Brown
(1972) that:

'Of the postulates of the standard model only one, the absence of money illusion,
has given consistent trouble; there is however some evidence to suggest that this
result can be traced to individual anomalies.' (Deaton and Brown 1972, p. 1155)9

These results illustrate the failure to confirm homogeneity starting from the direct
postulation of demand functions. An example of the alternative, to start off from
indirect utility, is Christensen et al. (1975). On the basis of rejecting symmetry,
conditional on homogeneity, they

'conclude that the theory of demand is inconsistent with the evidence. These
results confirm the findings of Wold (in association with Lars Jureen) for the
double logarithmic demand system and Barten for the Rotterdam system.'
(Christensen et al. p. 381)10

The evidence adds new information to previous results. According to the authors, it might
be that demand theory is valid, but that utility is not linear logarithmic. But the

8 Although not all tests rejected the homogeneity hypothesis. Barten and Geyskens (1975)
report test results for the Rotterdam system applied to the Netherlands (1950-1969; five
groups of commodities) and West Germany (1950-1968; four groups). In both cases, a
likelihood ratio test does not reject homogeneity. The authors qualify their results by
pointing out that 'the observation period is rather short', which may reduce the power of
the test.
9 The Deaton (1974) article was already available as a Cambridge University Department of
Applied Economics working paper in 1972.
10 Wold and Jureen do test for symmetry, but not separately for homogeneity (see Wold
1953, p. 300-301).
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results

'rule out this alternative interpretation and make possible an unambiguous
rejection of the theory of demand.' (op. cit. p. 381)

The continuous stream of publications based on the theory of demand makes clear, however,
that few economists did or do share this conclusion of Christensen et at., even though
the sequence of rejections of the homogeneity condition does not stop here. A novel
effort to test homogeneity is made by Deaton and Muellbauer (1980a), who apply the almost
ideal demand system using British data from 1954 to 1974 and eight consumption
categories. F-tests on the restriction of homogeneity reject homogeneity in four of the
eight cases. Because the Durbin Watson statistic indicates problems in exactly the same
cases, Deaton and Muellbauer conjecture that the rejection of homogeneity is a symptom of
dynamic mis-specification. Here, a combination of tests points where the investigator
might search. But this direction is not pursued in Deaton and Muellbauer (1980a).

4. Philosophy

4.1 Rejection without falsification

Samuelson's Foundations attempt to derive 'meaningful theorems', refutable
hypotheses. The economic theorist should derive such theorems, and 'under ideal
circumstances an experiment could be devised whereby one could hope to refute the
hypothesis.' (Samuelson 1947, p. 4). This sound quite Popperian (avant La lettre, as the
English translation of The logic of scientific discovery became available much later).
But at the same time, Samuelson's is skeptical on testing the theory of consumer
behaviour, as revealed by the opening quotation of this chapter. It is hard to be
Popperian.

This is also the conclusion of Mark Blaug, who argues that much of empirical
economics is

'like playing tennis with the net down: instead of attempting to refute testable
predictions, modern economists all too frequently are satisfied to demonstrate
that the real world conforms to their predictions, thus replacing falsification,
which is difficult, with verification, which is easy.' (Blaug 1980, p. 256)

Following Popper (1959) and Lakatos (1978), Blaug values falsifications much higher than
confirmation. Economists should dearly try to falsify their theories by severe tests.
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Blaug suggests that economists do not obey this methodological principle.
It is doubtful that Blaug's general characterization of empirical economics holds

ground. Of course, there are lousy econometric studies but in order to criticize, one
should consider the best contributions available. The search for homogeneity certainly
belongs to the best econometric research that one can find. The case of homogeneity is
illuminating, as the homogeneity condition makes part of a well defined economic theory
which provides the empirical researcher a tight strait-jacket. Hence, data mining or so
called 'cookbook econometrics' is ruled out. This is a research strategy loathed by Blaug

and many others, to

'express a hypothesis in terms of an equation, estimate a variety of forms for
that equation, select the best fit, discard the rest, and then adjust the
theoretical argument to rationalize the hypothesis that is being tested' (BJaug
1980, p. 257).

The empirical investigations discussed above show that the game of investigating
consumer demand was played with the net up. At various stages in time, the most advanced
econometric techniques available were used. But there is a huge difference between
playing econometrics with the net up, and falsifying theories. Few researchers concluded
that the theory of consumer demand was falsified. Verification of homogeneity turned out

to be difficult, not easy.
One rejection might have induced a (,naive') Popperian to proclaim the falsification

of the neo-classical microeconomic theory of consumer behaviour. But such a 'crucial
test' is virtually non-existent in economics, if at all. BJaug warns,

'conclusive once-and-for-all testing or strict refutability of theorems is out of
the question in economics because all its predictions are probabilistic ones'
(Biaug 1985, p. 703)

But a sequence of rejections shold persuade more sophisticated adherents of fallibilism.
Lakatosians might conclude that the neo-classical research programme was degenerating. In
reality, none of these responses obtained much support. Instead, a puzzle emerged,
waiting for its solution. Homogeneity was rejected, not falsified. This stubbornness is

hard to justify in falsificationist terms.
Do Marschak and Christensen et al. qualify as Popperians? Christensen et al.certainly

not, as a repeating theme in Popper's writings is that theories can only be falsified if
a better theory, with a larger empirical content, is available (see also BJaug 1985, p.
708). Such an alternative is not proposed. This point is sometimes overlooked by
statisticians, although many statisticians are aware of this limitation of significance
testing. According to Jeffreys (1961, p. 391), the required test is not whether the null
must be rejected, but whether the alternative performs better in predicting (i.e., is
'likely to give an improvement in representing future data'). Surprisingly perhaps, such
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a test has not been carried out in the investigations of consumer demand presented above
(more recently, this gap has been filled, see the discussion of Chambers, 1990, below).
How should we then interpret the bold claim made by Christensen et al.? They may have
been under the spell of falsificationism (perhaps unconsciously, they don't refer to any
philosophy of science). The Popperian tale of falsification was popular among economists
during the 'seventies (and alas still is). But if Popper's ideal is praised, then this is
merely lip service. An example is Deaton:

'A deductive system is only of practical significance to the extent that it can
be applied to concrete phenomena and it is too easy to protect demand theory from
empirical examination by rendering its variables unobservable and hence its
postulates unfalsifiable.' (Deaton 1974, p. 345)

After embracing the falsificationist approach, and after finding that homogeneity is on
shaky grounds, Deaton (1974, p. 362) remains reluctant to conclude to a falsification of
demand theory.

4.2 Popper's rationality principle

Now consider Marschak. He tests homogeneity and has an alternative, existence of
money illusion (or more generally, a Keynesian model of the economy although this is not
specified). This seems to be close to the Popperian ideal, but there is a problem. Popper
is aware that, in the social sciences, the testability of theories is reduced by the lack
of natural constants (e.g. Popper 1957, p. 143). This might diminish the importance of
the methodology of falsificationism for the social sciences (this is contended by
Caldwell 1991, see also Hands 1991).

On the other hand, an advantage of the social sciences relative to the natural
sciences is the element of rationality (Popper 1957, p. 140-141). Popper proposes to
supplement methodological falsificationism with the 'zero method' of constructing models
on the assumption of complete rationality. Next, one should estimate the divergence
between actual behaviour and behaviour according to the model. Marschak, however, not
only measures the divergence but constructs a test of rationality. Popper is ambiguous on
this point: it is unclear whether methodological falsificationism extends to trying to
falsify the rationality principle. The fact that Popper (1957) refers to Marschak in
favourable terms suggests that falsificationism is the primal principle, with the
rationality principle second.

Whatever the verdict will be on the Popperian spirits of Marschak, he has not changed
the general attitude towards demand theory in general or money illusion specifically.
Stone and most other investigators of consumer demand continue to work with neo-classical
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demand theory. Even if Marschak: were Popperian, his successors in economics are not.
H has been noted by philosophers of science that actual science rarely follows

Popper's rules (Hacking 1983, Hausman 1989). In particular, Lakatos has tried to create a
methodology that combines some of Popper's insights with the actual proceedings of
science. Can we interpret the history of testing homogeneity in Lakatos' terms?

4.3 Does Lakatos help?

Using Lakatos' (1978) terminology, the homogeneity condition belongs to the 'hard
core', the undeniable part of the neo-classical scientific research programme, together
with statements like 'agents have preferences' and 'agents optimize'. Some economists
argue that demand equations are meaningless if they violate the homogeneity condition.
The hard core status of homogeneity is clear in the writings of Phlips: functions that do
not have this property do not qualify as demand equations (Phlips 1974, p. 34).

The essential characteristic of a hard core proposition is that a supporter of the
research programme should not doubt its validity. The hard core proposition is
irrefutable by the methodological decision of its proponents. It is an indispensable part
of a research programme. At first sight, such an interpretation of the homogeneity
postulate seems to be warranted: see our opening quotation of Samuelson (1947), and the
quotations of Stone (I954a) and Marschak (1943). Deaton (1974, p. 362) concurs:

'Homogeneity is a very weak: condition. It is essentially a function of the budget
constraint rather than the utility theory and it is difficult to imagine any
demand theory which would not involve this assumption. Indeed to the extent that
the idea of rationality has any place in demand analysis, it would seem to be
contradicted by non-homogeneity.'

Hence, Deaton claims that any demand theory based upon rational behaviour of consumers
should satisfy the homogeneity condition: accepting the rejection

'implies the acceptance of non-homogeneous behavior and would seem to require
some hypothesis of "irrational" behavior; this is not an attractive alternative.'
(Deaton 1974, p. 362)

If we continue with our attempt to use Lakatos for an understanding of the analysis of
homogeneity, we must introduce the 'negative heuristic' (see Chapter 1), the propositions
which immunize the hard core. In our case, the negative heuristic is not to test the hard
core proposition of homogeneity. But this picture clearly does not fit reality. Empirical
investigators were eager to test homogeneity. They did exactly what this supposed
negative heuristic forbade. 11

11 One might argue that homogeneity may have had, consistently, a different status for the
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Hence, either homogeneity changed status, from hard core proposition to something
else, or the Lakatosian scheme is unfit for an understanding of the history of consumer
demand analysis. The first option, a change in status, would imply that homogeneity
became part of the so-called 'protective belt of auxiliary hypotheses which has to bear
the brunt of tests and get adjusted and re-adjusted, or even completely replaced, to
defend the thus-hardened core' (Lakatos 1978, p.48). The protective belt consists of the
findings that may be used to support the hard core propositions, or which may be
investigated as puzzles, anomalies.12 But the testers of homogeneity listed many
hypotheses that might explain the rejection of homogeneity, Byron's list, cited above, is
one example. The auxiliary hypotheses are related to dynamics, parameter drift, small
samples etc., homogeneity itself is not considered as yet another auxiliary hypothesis to
the hard core of demand theory.

Lakatos' classification is of little help. And if this classification cannot be used,
it is impossible to go on with a rational reconstruction of the history of research in
consumer demand using the methodology of scientific research programmes. There is no base
for concluding that neo-classical demand theory was either degenerative or progressive.
The Lakatosian philosophy of science leaves us empty-handed. This observation corresponds
to the view of some critics of Lakatos:

'Lakatos was also unable to explain why some theories are raised to the status of
the hard core of a research programme and are defended by a protective belt of
hypotheses, while others are left to their own devices. From Lakatos's writings,
one could think that the question is decided by the scientist's mere whim
(Lakatos called it a "methodological fiat"). Unfortunately, this suggests that it
is perfectly canonical scientific practice to set up any theory whatever as the
hard core of a research programme, or as the central pattern of a paradigm, and
to blame all empirical difficulties on auxiliary theories. This is far from being
the case.' (Howson and Urbach 1989, p. 96)

It is hard to provide a coherent Popperian of Lakatosian interpretation of this episode
in the history of testing: we observe a sequence of rejections, without falsification.
Does this mean that 'anything goes' (Feyerabend 1975)?

4.4 Auxiliary hypotheses and the Duhem-Quine thesis

The answer is no. The tests suggest that something is wrong in the testing system.

theorists and some of the empirical researchers. After Laitinen's reconciliation, they
could side by putting it into the hard core. This Lakatosian interpretation is not
convincing, except if we would accept that researchers like Deaton are schizophrenic.
12 Cross (1982) suggests to drop the distinction between hard core and protective belt.
This does not improve the transparency of Lakatos' methodology, however.
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Quine (1987 p. 142) recommends to use the maxim of minimum mutilation: 'disturb overall
science as little as possible, other things being equal'. Dropping homogeneity is far
more disturbing than dropping, for example, time-separability of consumption,
homoskedastic errors, or the 'representative individual'. Dropping homogeneity, i.e.
studying consumer behaviour without demand theory (or a viable alternative) would make
the measurement of elasticities very complex.

Research was directed to saving the strait-jacket, the attack directed to the
auxiliary hypotheses. Recall the sources of violation of homogeneity, other than failure
of demand theory (or the axioms underlying the theory) itself. They are invalid
restrictions, invalid approximations, invalid aggregation and invalid stochastics.

Linearity of the budget restriction, RI, has not been questioned by the demand
researchers. It has fairly strong empirical support, deviations from linearity are small
and moreover it is hard to imagine how these could cause non-homogeneity. The choice of
functional form, R2, on the other hand, is crucial. In some cases (the LES, for example)
homogeneity is simply imposed. In other cases, it can be imposed by restricting the
parameters of the demand equation. The functional form of the demand equation is open to
much doubt, it is widely thought that parametric demand equations are only rough
approximations to some ideal demand function. Hence, the truthlikeness or prior
probability of the specification is relatively low, and much research has been directed
to obtain better approximations to this ideal. The same applies to the choice of
arguments, R3, The variable 'time' has received special attention (Deaton and Muellbauer
1980a). Other ones, such as snob goods, are thought to be innocuous and have not

attracted research efforts to save homogeneity.
Aggregation is of special interest. According to some, there is no reason to believe

why the micro relations (such as the law of demand) should hold on a macro level. Others
.claim that economic theory can only be applied to aggregates. This issue inspired
research to the conditions for aggregation, in particular over individuals (rather than
goods). The effects of income distribution are crucial. Still, even in aggregate demand
systems where care is taken of income effects homogeneity is violated. The same happens
occasionally with dis-aggregated demand studies.

Finally, the particular validity of the statistical tests that were employed has been
questioned but it lasted until the late 'seventies before this approach convinced applied
econometricians of the fact that homogeneity, after all, could stand up against attempts
to reject it if the right small sample tests were used. The old results could be given a
new interpretation, a kind of Gestalt switch had taken place. It is interesting that the
validity of statistical tools is a crucial auxiliary assumption, that turned out to be a
false one. I will turn to this in the next section.
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5. The theory versus practice of econometrics

5.1 Statistical testing using frequency concepts

Testing statistical hypotheses dates back at least to the work of Karl Pearson
(1900), who invented the x2 test for goodness of fit.13 W.S. Gosset ('Student'), R.A.
Fisher and finally Neyman and Pearson elaborated the frequentist theory of statistical
testing. In Chapter 3, I showed that the authors who share the frequentist perspective,
disagree on the interpretation of probabilistic inference and statistical methods. For
example, Karl Pearson and Fisher clashed on likelihood, favoured by Fisher but rejected
by Karl Pearson who preferred the method of moments. Such disagreement continues to exist
in modern times. Pearson also objected to Fisher's proposal to correct the x2 for losses
of degrees of freedom. More recently, Fisher disapproved of Neyman-Pearson's
interpretation of tests as acceptance rules. In this section, I will investigate the
relevance of different interpretations of probability for tests of homogeneity.

5.1.1 Fisherian testing
If we reconsider the dominant approaches in frequentist probability theory, then

Fisher's approach seems to be the most appropriate in the context of the analysis of
consumption behaviour. In most of the studies presented in this chapter, one cannot speak
of a 'collective', Von Mises' prerequisite for statistical inference. Von Mises
explicitly disavowed of small sample analysis. It is only more recently, that
econometricians have started to analyze consumer behaviour by means of micro (cross
section) data. Deaton (1990) is an example. However, these recent investigations are not
inspired by a quest for collectives, but because the theory of consumer behaviour is
about individuals, not aggregates. Most econometricians are not aware of Von Mises'
theory of probability.

Fisher's small sample analysis is, from sheer necessity, the scheme of reference for
most demand studies reported. His 'hypothetical infinite population, of which the actual
data are regarded as constituting a random sample' (Fisher, 1922, p. 311) is the metaphor
by which the applied econometricians could salve their frequentist consciences. The
significance tests are interpreted as pieces of evidence, although in most cases it is

13 Neyman (1952, p. 44) notes that Laplace is a precursor to Pearson, and since Laplace,
other authors also tested statistical hypotheses. The difference with Pearson is that
Pearson initiated a systematic theory of testing.
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not clear what evidence.
A number of differences with Fisher's approach stand out. Initially, the aim of

inference is not the reduction of data: the real aim is measurement of elasticities.
Secondly, the method of maximum likelihood enters the scene not before the late sixties.H
Thirdly, fiducial inference is not a theme in demand analysis. Fourthly, there is no
experimental design or randomization by which parametric assumptions could have been
defended, and specification uncertainty reduced.

5.1.2 Homogeneity and Neyman-Pearson testing
Formulating the theory of hypothesis testing as a well defined optimization and

decision problem is due to Neyman and Pearson. The resulting decision may be correct or
wrong. The latter is due to one of the two errors, (I) rejecting the hypothesis when it
is true, and (II) accepting it when it is false. Ideally, both errors are minimized. In
general, this is not possible. Hence, Neyman and Pearson suggest to assign a bound on the
error of the first kind, IX, and, subject to this, try to formulate a test that minimizes
the error of the second kind (see Chapter 3.4).

There are several problems with the Neyman-Pearson approach to testing homogeneity.
First, the decision context is not clear. Why would the econometrician bother with making
a wrong decision? This critique is anticipated by Fisher, who argues that in case of
scientific inference, translating problems of inference to decision problems is highly
artificial.

Secondly, the Neyman-Pearson lemma is of little relevance in the case of testing
composite hypotheses, based on what most likely is a mis-specified model, using a limited
amount of data without repeated sampling. In these circumstances, the properties of the
test statistics are not well understood. Indeed, the Neyman-Pearson framework has not
been of much importance for testing the properties of demand, although references to
'size' and 'power' pervade the literature.

Thirdly, although the Neyman-Pearson stands out for its emphasis on the importance of
alternative hypotheses, there are no meaningful alternatives of the kind in case of
testing homogeneity. Thus, as Jeffreys wonders,

'Is it of the slightest use to reject a hypothesis until we have some idea of
what to put in its place?' (Jeffreys 1961, p. 390)

Fourthly, homogeneity is a singularity whereas the alternative is continuous. If
enough data are gathered, it is most unlikely that the singularity precisely holds
(Berkson, 1938). This issue is recognized by Neyman and Pearson. They introduce their

14 In the 'sixties, Theil distrusted maximum likelihood; he adviced Barten not to use ML
(Barten, conversation with the author).
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theory of testing statistical hypotheses with a short discussion of Bertrand's problem of
testing the hypothesis that the stars are randomly distributed in the universe. With this
in mind, they state that

'if x is a continuous variable-as for example is the angular distance between
two stars-then any value of x is a singularity of relative probability equal to
zero. We are inclined to think that as far as a particular hypothesis is
concerned, no test based upon the theory of probability can by itself provide any
valuable evidence of the truth or falsehood of that hypothesis.' (1933a, pp. 141-
142)

Their proposal to circumvent this problem is to exchange inductive inference for
rules of inductive behaviour. The problems with that approach have been mentioned above.

5.1.3 Lessons from Monte Carlo
One auxiliary hypothesis relates to the validity of the test statistics that are

used. An important approach to attack the puzzle of rejections of homogeneity comes from
Laitinen (1978), who shows that the statistic has properties different from what was
believed. One of the problems of testing homogeneity is the divergence between asymptotic
theory and small-sample practice. A8 may be invalid. Early on, the use of small samples
was recognized as a possible explanation for the rejection of homogeneity (Barten 1969,
p. 68, Deaton 1974, p. 361). However, Deaton remarks that the small sample correction
which has to be made in the case of testing restrictions on parameters within separate
equations, such as homogeneity, is known. The correction was generally thought to be too
small to count for an unwarranted rejection of homogeneity. Laitinen however claims that
the rejections of homogeneity are due to the fact that 'the standard test is seriously
biased toward rejecting this hypothesis' (Laitinen 1978, p. 187). The problem is that
testing homogeneity for all equations is dependent on the unknown variance- covariance
matrix, which in practice is usually replaced by a least squares residual moment matrix.

Laitinen describes a Monte Carlo experiment, which shows that estimating demand
systems with only few degrees of freedom should make a small sample correction for the
test statistic. Particularly in very small samples, the correction factor was much larger
than previously thought. This issue was resolved once and for all by the small sample
statistic proposed by Laitinen. Applying this has led to less frequent rejections of
homogeneity (although rejections still occur).

5.2 The epistemological perspective

5.2.1 A Bayesian view on auxiliary assumptions
After rejecting Popperian or Lakatosian rational reconstructions of the search for
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homogeneity, and showing how frequentist probability interpretations are hard to
reconcile with the efforts to study consumer behaviour, I have to provide a better
interpretation. A quasi Bayesian approach may do (a formal quantification of the history
of evidence is a sheer impossible task, if only because it is hard to interpret the
frequentist statistical tests in an unambiguous Bayesian way). One advantage of the
Bayesian approach is that there is no need anymore for an artificial distinction between
'hard core' and 'protective belt'. Secondly, Bayesians value rejections as high as
confirmations: both count as evidence and can, in principle at least, be used for a
formal interpretation of 'learning from evidence'.

The distinction between a basic and an auxiliary hypothesis can be refined in a
Bayesian framework. Let S denote the hypothesis that a particular specification is valid
(for example the Rotterdam system), let H be the 'meaningful theorems' (homogeneity, in
our case) and D the data. Although in most cases listed above, the evidence rejects the
joint hypothesis or test system, H&S, the effect on the probabilities P(HID) and P(SID)
may diverge, depending on the prior probability for Hand S respectively. Homogeneity has
strong prior appeal, for example, due to experiences with currency reform (such as in
France) or introspection. The particular specification is less natural. As a result,
rejection of the test system will bear more strongly on the specification than on the
hypothesis of interest, homogeneity (see also Howson and Urbach, 1989, p. 99). The
posterior probability for homogeneity will decline only marginally, as long as the
specification is much more doubtful than homogeneity itself. This observation explains
why the rejections by a sequence of statistical tests were not directly interpreted as a
falsification of homogeneity. If rejections would have dominated in the long run,
whatever specification or data had been used, eventually the rational belief in
homogeneity itself would have declined.

5.2.2 Imposing homogeneity
The homogeneity condition is for some investigators so crucial, that it should be

imposed without further question. A researcher in the frequency tradition would invoke
the 'axiom of correct specification', a Bayesian may formulate a very strong prior on it,
equal to 1 in the extreme case. If this is done, one would never find out that the model
specification is wanting. The specification search for homogeneity is of interest because
it violates both the frequentist and the Bayesian maxim.

It might be better to follow the advice of Jaynes, who advocates to start with as few
constraints as possible, adding new constraints only if they are needed. If measurement
of elasticities is the real goal of inference (for economic policy evaluation, for
example), it may be right to impose homogeneity (otherwise, it is not clear what the
meaning of the parameters is). If the research is more of academic interest, homogeneity
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should not be imposed except if the resulting model outperforms a model that violates
homogeneity given specific criteria (such as predictive qualities). A predictive
approach, which appears to support the MDL-principle presented in Chapter 6, is chosen in
Chambers (1990). Using time series data (l08 quarterly obsrvations), he compares
different demand systems by means of their predictive performance (using a root mean
squared prediciton error criterion). The models are the LES, a LES supplemented with
habit formation (introducing dynamics), the AID system, an error correction system, and a
VAR. Chambers finds that a relatively simple specification, i.e. the LES supplemented by
habit formation, outperforms more complicated specifications, such as the AIDS. In the
favorite model, homogeneity and symmetry are not rejected by statistical tests.

5.3 In search of homogeneity

Falsification was apparently not the aim of testing homogeneity, but to many
researchers the real aim was very vague. Most of the researchers of consumer demand tend
to interpret the statistical test of homogeneity as a specification test rather than
intentional efforts to test and refute an economic proposition (although this is never
explicitly acknowledged and is quite probably only an unconscious motive). Gilbert (1991,
p. 152) makes a similar point. If homogeneity is immune or nearly so for statistical
tests, why then take the trouble to write sophisticated software and invent new
estimation techniques or specifications in order to test this condition?

Some insights of Leamer (1978) (rarely exploited in methodological investigations)
may help to answer the question. Leamer interprets empirical econometrics as different
kinds of 'specification searches'. The empirical investigation of the homogeneity
condition can be understood as a sequence of different kinds of specification searches.
Most tests were neither Popperian efforts to falsify a theory, nor Lakatosian attempts to
trace a 'degeneration' of consumer demand theory, but specification tests that served a
number of different goals. Leamer (1978, p. 9) argues that it is important to identify
this goal, the type of specification search, as the effectiveness of a search must be
evaluated in terms of its intentions. A bit too optimistic, he claims that:

'It is always possible for a researcher to know what kind of search he is
employing, and it is absolutely essential for him to communicate that information
to the readers of his report.' (Leamer 1978, p. 9).

With the search for homogeneity in mind, a more realistic view is that most research
workers have only a vague idea of what was being tested. Interpreting the episode with
hindsight, we observe that the goal of the empirical inference on homogeneity gradually
shifts. Schultz and his contemporaries are searching for models as simple as possible.
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The significance of their 'test' of homogeneity is the effort to reduce the dimension of
the model, which Leamer classifies as a 'simplification search'. A simplification search
results from the fact that, in theory, the list of explanatory variables in a demand
equation is extremely long, longer than any empirical model could adopt. Particularly
during the pre- WW II era, gaining degrees of freedom was important. This simplification
search has little to do with a metaphysical view that 'nature is simple' and much more
with pragmatic considerations of computability, (very) small sample sizes and efficient
estimation. The theme recurs with PhIips who, writing on imposing homogeneity, holds that

'the smaller the number of parameters to be estimated, the greater our chances
are of being able to derive statistically significant estimates' (PhI ips 1974, p.
56)

Marschak's effort to test homogeneity has partly the same motivation, but also arises
from his interest in the validity of two rival theories: neo-classical (without 'money
illusion') and Keynesian (with 'money illusion'). Although Marschak (like the other
demand researchers discussed in this paper) does not use a Bayesian language, we may
argue that he assigns a positive prior probability to both models and then tests them.
This is, in Leamer's terminology, a 'hypothesis testing search' -the kind of search that
some philosophers of science emphasize. An obvious reason why Marschak's rejection of
homogeneity is not taken for granted by his contemporary colleagues (or their successors)
is that the large implicit prior against the homogeneity condition of consumer demand was
not shared. Furthermore, a general problem with the tests of homogeneity is a lack of
consideration of the economic significance of the deviation between hypothesis and data.
The interest in such a kind of importance testing has declined while formal statistical
significance testing has become dominant. This development is deplored by Varian (1990),
who argues that economic significance is more interesting than statistical significance.
Varian suggests to develop money-metric measures of significance.

Stone, in his book, is motivated by a combination of increasing degrees of freedom
(simplification search) and testing the 'meaningful theorems' of demand theory. But with
regard to the latter, he does not provide an alternative model to which a positive prior
probability is assigned. Hence, it is difficult to interpret Stone's work as a
'hypothesis testing search' similar to Marschak's. The same applies to Schultz's
successors. Their attitude is better described as an 'interpretive search'. Leamer
defines this as the small sample version of a hypothesis testing search, but it may be
better to define it as an instrumentalistic version of hypothesis testing. The
interpretive search then lets one act 'as if' one or another theory is 'true'. Take, as
an illustration, Deaton's work. In Deaton (1978), two specifications (the LES and a
PIGLOG specification) of consumer demand are tested against each other, using Cox's test.
The disturbing result is that, if either the LES or the PIGLOG specification is chosen as
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the null, the other specification is rejected. The statistical tests leave us empty
handed. Homogeneity is not investigated, but Deaton makes an interesting general remark
about this implication of testing, which reveals an instrumentalistic attitude:

'This is a perfectly satisfactory result. ( ... ) In this particular case there are
clearly better models available than either of those considered here.
Nevertheless we might still, after further testing, be faced with a situation
where all the models we can think of are rejected. In this author's view, there
is nothing to suggest that such an outcome is inadmissible; it is perfectly
possible that, in a particular case, economists are not possessed of the true
model. If, in a practical context, some model is required, then a choice can be
made by minimizing some appropriate measure of loss, but such a choice in no way
commits us to a belief that the model chosen is, in fact, true.' (Deaton 1978, p.
535).

Another type of Leamer is the 'proxy search', which is destined to evaluate the
quality of the data. Although this issue is raised in a number of the studies we
discussed, it has not played a major role in practice. Instead, the issue of the quality
of the test statistics turned out to be more interesting.

This brings us to Laitinen. His work invalidates many of the rejections of the
homogeneity condition that were found during the search for homogeneity. He points to
judgemental errors that were made in the interpretation of significance levels. This
result is different from the variety of specification searches and needs another
interpretation. A Bayesian would argue that the choice of significance levels is a weak
cornerstone of classical (frequentist) econometrics anyway, and that these tests are
useful only insofar they refer to a well specified loss structure. For the classical
econometrician who believes strongly in homogeneity, and worships the significance of
testing statistical hypotheses, the result of Laitinen solves a puzzle that otherwise is
hard to explain. The salvage is not complete: occasionally, 'strange' test outcomes do
occur.

6. Summary

The popular attitude towards testing in econometrics is one of disappointment and
skepticism. Blaug (1980) exhibits disappointment. McCloskey (1985, p. 182), who argues
that no proposition about economic behaviour has yet been overturned by econometrics,
represents the skeptical attitude to significance testing. This skepticism is shared by
Spanos (1986). Blaug, who may be characterized as a dissatisfied Popperian, proposes to
test better and harder. Spanos (like Hendry) suggests that significance testing (in
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particular, mis-specifiction testing) is the key to better testing. McCloskey, on the
other hand, proposes to reconsider the ideal of testing and take a look at other ways of
arguing, like rhetorics. In my view, those attitudes are erroneous.

Let us start with the Popperian ideal. Many contributors to the empirical literature
on testing homogeneity, perhaps ignorant of philosophy of science, pay lip-service to
Popper. They are Popperian in their support to the rationality principle, but tum out to
be non-Popperian in their stubborn refutation to give up demand theory. Should they be
condemned, should they test better and harder? I do not think so. These able
econometricians were not playing econometrics with the net down. Verification, not
falsification, appears to be hard, and rewarding. It is difficult to reconcile the
episode described in this chapter with a Popperian methodology. Both on the positive
level, and on the normative level, the Popperian approach is wrong. Not surprisingly,
Blaug (1980, Chapter 6) is rather vague in his neo-Popperian interpretation of empirical
research of consumer behaviour.

Outright skepticism neither is warranted. The homogeneity condition may not have been
overturned, but many suggestions (made by economic theorists) as to how to measure
elasticities have been scrutinized by econometricians. Some of the suggestions survived,
others foundered. The literature shows fruitful cross fertilization: theory stimulated
measurement, 'strange' test results stimulated theory (in particular, by inspiring new
functional forms or the meaning of particular test statistics). Hamminga (1983, p. 100)
suggests that there is a mutual independence between theory development and econometric
research. The studies in consumer demand do not confirm this mutual independency thesis.

What has been the significance of testing the null hypothesis of homogeneity? A
rejection may not affect the null, but instead it points to the maintained hypothesis. A
specification search results. A declaration of the falsification of the null of
homogeneity would have been a too simple and easy conclusion. The reason why it is
worthwhile to attempt to verify the 'meaningful theorems' is that the measurement of
variables of interest, in particular elasticities, depends on the coherency of the
measurement system, the demand equations. Phlips holds that if such measurement is to be
meaningful, the restrictions of demand theory should be imposed. 'We find it difficult to
take the results of these tests very seriously', he argues (Phlips 1974, p. 55). If,
however, the test is interpreted as a specification test, this difficulty disappears.

The research on homogeneity leads to the conclusion that the 'small world' of much
empirical inference was not completely satisfactory. The empirical results did not lead
to mechanistic updating of the probability of a hypothesis of homogeneity without
scrutinizing auxiliary hypotheses. The homogeneity condition survived thanks to its
strong prior support.



Chapter 8

APPRAISING RIVAL THEORIES

no economic theory was ever abandoned because it was
rejected by some empirical econometric test, nor was
a clear-cut decision between competing theories made
in lieu of the evidence of such a test.
Aris Spanos (1986, p. 660).

1. Introduction

Chapter 7 discussed a historical episode of testing in applied econometrics: the search
for homogeneity. In this search, there was no viable alternative theory to challenge the
model under consideration. However, methodologists often argue that economists should
test their rival theories (e.g. BJaug, 1980). How this is to be done is a problem, kindly
forwarded to econometricians. As a result, it appears that econometricians have developed
a deeper philosophical understanding of testing rival theories than methodologists
themselves. This section, therefore, does not seek an answer to the question 'what can
econometricians learn from Popper or Lakatos' but rather, 'what can methodologists learn
from econometricians.' But as there are rival statistical paradigms, competing lessons

are offerred.
In this chapter, I will first sketch rival statistical theories of testing rival

(economic) theories. This is done in Section 2. In Section 3, a complication due to
specification uncertainty is introduced, using Lucas' Principle as a stepping stone. The
problem of appraising rival theories is illustrated with an example: testing the natural
rate hypothesis versus a Keynesian model of unemployment (Section 4).

2. Inference on rival theories

In Chapter 5, Tinbergen's assignment from the League of Nations to test the different
business cycle theories was discussed. In 1939, Tinbergen not only had to deal with the
problem of incompletely defmed economic theories, but also with the absence of a
statistical apparatus to test rival theories given non-experimental data. In practice,
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Tinbergen did not test rival theories, but estimated and measured the importance of
different influences. Apart from the lack of experimental design, this is like
statistical inferences other domains, where methods of Pearson, Yule and Fisher were
used. Since Tinbergen's days, the testing apparatus has improved but, still, testing
rivals does not seem to satisfy economists altogether. I will present some statistical
methods of testing rival models and sketch their weaknesses.

In Chapter 5, I showed that the pioneers in econometrics, like Tinbergen and
Haavelmo, delegate the selection of fruitful models to be tested to economic theorists.
Accordingly, the model is a priori given to the statistician. This is also the starting
point for the frequentist approach to statistical inference, at least this was the
situation around 1940.

2.1 Examples of rival theories

2.1.1 Keynesianism, Monetarism and J(2.

Perhaps the most fundamental proposition of Keynesianism is that budgetary policy can
(and should) be invoked to stabilize the business cycle. Monetarism holds that such
policy will not systematically yield the desired effects and proposes instead a quantity-
theoretic argument that money is the dominating influence on (nominal) income. This
debate was extended to a test of rival theories by Friedman and Meiselman in 1963. They
analyze the performance of a simple Keynesian multiplier model (regressing aggregate
consumption on autonomous expenditure) and compare this to a money multiplier model
(regressing aggregate consumption on exogenous money). They estimate these relationships
for the time series 1897-1958 and a range of subsamples, and conclude that R2 of the
monetarist model is (except in one subsample) clearly higher than in case of the
Keynesian model. This suffices to reject the Keynesian model in favour of the monetarist:

'The evidence is so one-sided that its import is clear without the nice balancing
of conflicting bits of evidence, the sophisticated examination of statistical
tests of significance, and the introduction of supplementary information that the
economic statistician repeatedly finds necessary in trying to decide questionable
points, and that is indeed a major source of pride and pleasure in his craft'
(Friedman and Meiselman, 1963, p. 186).

Not everyone did agree that the evidence was so one-sided though. And it has been the
craft of economists using sophisticated statistical tools that showed Friedman and
Meiselman's approach was founded on a mis-specified model (this argument can be found,
for example, in the critique of Ando and Modigliani; see Desai, 1981, for further
discussion). The discussion turned into a debate on statistical testing of competing
models. The main lesson from the Friedman-Meiselman episode is that one cannot appraise
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rival theories by means of over-simplified statistical models and their R2 alone. Not
even Tinbergen's pioneering work for the League of Nations proceeded along that way.

The Keynesian view that fiscal policy matters depends on the Keynesian consumption
function. This function is rivaled by Friedman's permanent income theory. Hence, it is
not surprising that the debate between Keynesians and their rivals has been extended to a
debate on consumption.

2.1.2 Demand for education

The discussion in the preceding chapter on consumer behaviour concerned an example of
testing without real alternatives. This is not a general characteristic of micro-
economics, though. Like macroeconomics, there are rivals in the micro domain. For
example, there exist (at least) two different views that can explain the demand for
education. The first one, following Becker (1964), stems from the human capital
literature, the second one from the signaling theory (due to Michael Spence, discussed in
Willis, 1986). Human capital theory provides the following argument. Education is
regarded as an investment (of time and money) in an increase in future earnings. A better
educated person has a larger productivity. As long as the expected marginal benefits of
education (i.e. productivity gain) exceeds the marginal costs of education, the person
will educate herself. An auxiliary assumption is that the labour market functions
efficiently. The signaling theory, on the other hand, states that education does not
necessarily increase productivity, but gives a signal to potential employers about the
ability of an individual. The causal link, supposed by human capital theory, between
education and productivity is denied or even reversed: ability, i.e. potential
productivity, leads to a demand for education.

Testing these theories is not easy, due to an identification problem (similar to
observational equivalence, as analyzed in Sargent, 1977). Consider the following
simplified example of testing signaling versus human capital (see Willis, 1986, section
6.1). There are two groups of workers of equal size. A firm with production function
F(L,K) wants to hire employees. The choice is between workers with low ability,
characterized by labour productivity FL = 1, and able workers with FL = 2. According to
signaling theory, education does not increase productivity. There is no direct incentive
to educate oneself. However, employers do not have information on the quality of
applicants. If they had, the real wages would be 1 and 2, respectively. Applicants may
signal their ability, though, by education. The additional assumption is made that
education is costly (or disliked), costs are negatively correlated with ability. In the
example, the costs are C1 = 1.5 and C2 = .5 respectively. Costly education and asymmetric
information generate self-selection: able persons educate themselves and will be able to
obtain the higher wage offer. The idea that education is a profitable investment has
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become a self-fulfilling prophecy, not an intrinsic quality of education itself.
This example has some features in common with 'reflexive' theories, as discussed in

the next chapter. There, it is argued that a 'reflexive' theory generates its own
positive or negative evidence. An example is the Keynesian economics with a Phillips
curve: if agents learn the newly invented model, they may start to act counter to the
model. This is unlike the case of signaling, where we do not have a theory that causes
its own victory or defeat. Behaviour does not necessarily change if an econometrician
tells the economic actors that either the human capital theory, or the signaling theory,
is a satisfactory characterization of the data. The data are not driven by the theory,
but if the (signaling) theory is right, then the data cannot say so.

Hence, it is hard to put the debate on demand for education to a test. Does education
cause productivity, or reversely? The self-fulfilling prophecy of signaling generates an
identification problem that makes a discriminating test based on (non-experimental)
market data difficult, if not impossible. Some efforts to circumvent this problem are
reported in Willis (1986), who concludes that the efforts have not been very successful.

2.1.3 Fisher on smoking, cancer and correlation
Fisher does not face the problem of rival theories explicitly. There is, however, an

episode in his research activities in which he was involved in a real scientific dispute:
the question whether smoking causes lung cancer (see Fisher Box, 1978, pp. 472-476, for
discussion; see Chapter 10.4 for a discussion of the notion 'causes'j.! One view is that
it does. This view was supported by a large scale study performed in Britain in 1952. It
revealed a clear positive association between lung cancer and smoking. Fisher challenged
the results: correlation does not prove causation. Fisher's alternative was that there
might be a genetic cause of smoking as well as cancer. How can these rival theories be
evaluated? Basically, Fisher's argument is one of omitted variables, whereas the popular
view on the effects of cancer denies that a variable is omitted. The policy implications
of those views are very different. One either needs information on the disputed variable
in order to make correct inferences, or the experimental design should be adapted.

In the latter case, one could think of constructing two randomized groups, force

1 A similar dispute raged in 1911 and 1912, with the opposed parties being Karl Pearson
on the one hand, and Keynes on the other hand. In this case, the influence of parental
alcoholism on children is at stake. Pearson established that there was no effect, Keynes
disputed Pearson's inference. Keynes' argument centres around his opinion that Pearson's
analysis does not control for all the relevant factors, hence, what might be called
spurious non-correlation resulted. The debate was emotional. Keynes' motivation to
quarrel with Pearson was ethical: it is very unlikely that alcoholism is irrelevant, you
therefore should control for everything that possibly might be relevant before making
statistical claims. It is immoral to make a wrong judgement in a case like this. See
Skidelski (1983, pp. 223-227) for discussion.
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members of group I to smoke and force the others to refrain from smoking. Like in case of
testing hysteresis versus heterogeneity (see Chapter 1), such a controlled experiment is
not feasible in the humanities. Lack of such randomization in the British survey might be
a source of spurious correlation. Fisher, the geneticist, took resort to an alternative
device: identical twins. The debate in the 'fifties was not decided. In retrospect,
Fisher lost his battle. The war he fought was on the more general problem of sound
statistical inference. Whether he emerged as a victor in this war, depends on the
perspective of the spectator. The particular methods Fisher proposed to resolve a problem
of rival theories are not easy to implement in economics, at any rate.

2.2 A problem of choice

One of the most successful fields in economics deals with the problem of choice
subject to constraints. Can the choice between rival theories be analyzed in this
framework? As far as I know, there are no efforts in the literature to make such an
analysis. Below, I provide some tentative suggestions, and argue that it is important to
know who is the one to choose.

Assume that there are two theories, belonging to research programs 'R'P 1 and 'R'P 2' among
which a choice has to be made. A crucial element of the micro-economic theory of choice
is the subject. So we may ask, who is to choose? At least three groups of relevant
subjects can be distinguished. The first contains the scientist. His interest is
academic. The second group contains the policy decision maker. In a democracy, her
interest is votes and, perhaps, a specific political profile. The third group contains
sponsors of research. I will begin with the last group.

The National Science Foundation of the remote country Econometria wants to maximize
scientific progress given a simple monetary budget constraint. The preferences of this
NSF determine the shape of the indifference curve. Revealed preference shows that the
budget allocation of the NSF is not monomanic. Hence, the usual representation of
preferences by convex indifference curves seems to apply. Utility is maximized given a
budget constraint that is determined by the research budget of the NSF.

The convexity of preferences can be further explained. A complication is that more
spending on either of the research programmes does not guarantee that the value of the
programmes will increase. The problem is one of choice under uncertainty. Expected
utility theory can be invoked. 'R'P1 and 'R'P2 can be viewed as two rival risky assets.
Investment in 'R'P 1 has a higher expected value return if this program is more likely to
represent phenomena of interest than 'R'P2. It is likely that the council of the NSF is
somewhat risk averse. It does not want to bet on progress by investing all the available
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money in the research of one school of thought, as diversification of the spending
enhances competition between rival research groups and hence stimulate growth.

The precise form of the indifference curves depends on additional criteria, such as
sympathy towards different political philosophies that underly the rival theories, and
assessments of the odds that one of the theories is more likely to give results.

Now consider the scientist. Unlike the NSF, a scientist usually will specialize. This
may be the result of risk loving (which, I think, does characterize many of the great
scientists and even can be argued to be a Popperian Virtue). Specialization also results
from exploitation of a comparative advantage. Scientist are constrained by time, and have
to invest time in developing one or an other research programme. Working on more
programmes together will usually have a low pay-off. Hence, unlike sponsors of science,
scientists themselves are by nature more interested in testing rival theories and
choosing among them. Their decisions to accept or reject is primarily a personal one,
which is often predetermined by the earlier decision of which research programme to
embrace (a switch in convictions remains possible, as for example the examples of Barro
and Lucas show: started as mainstream Keynesians, they turned into leaders of new-
classical economics).

Policy makers, finally, will often be interested in how to combine different points
of view. Even the iron ladies among politicians combine different theoretical inputs in
actual policy. The more risk averse a politician is, she is interested in weighting
rather than choosing evidence. The weights are partly determined by subjective
convictions, partly by the strength of comparative evidence.

2.3 Frequentist approaches to testing rival theories

In the frequentist approach there are three different strategies for testing rival
models: the embedding or comprehensive model strategy, the generalized likelihood ratio
strategy and the symmetric (or equivalence) strategy. These approaches will be discussed

below. In Chapter 6, Section 2.5, I already discussed the merits of maximizing ~ and
presented a few remarks on encompassing. The Friedman-Meiselman affair shows that

maximizing ~ alone does not result in persuasive discrimination of rival models.

2.3.1 Comprehensive testing
The comprehensive model is a nesting of the competing models in a more general,

embedding model. More specifically, let us assume that (after some experimentation and
hypotheses testing) two rival models result: At and At that have been formulated with

1 2
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reference to an Nx1 regressand vector y. Assume both are linear models represented by:

wo. + X/3. + u
I I I I

U
I

i = 1,2 (8.1)

where W (NxKw) is a regressor matrix common to both models (Kw~O), and Xi are NxKi

regressor matrices unique to either model. Testing these non-nested hypotheses- can be
done by regarding them as two restricted forms of a more general model, the embedding
model:

w,' + X /3' + X /3* + u
I I 2 2 (8.2)

The simplest test is to test the hypotheses Hi: /3~ = 0 (using an F-test, for example; see
also MacKinnon, 1983, pp. 95-96 for discussion and comparison with other tests). The
technique is the same as standard tests of nested models (like testing zero restrictions
of some subset of the parameters of a model). Here, a first difficulty arises. There are
four possible test outcomes: the combinations of rejections or acceptations of the

hypothesis that /3; = 0 with the test outcomes for /3;. If either HI or H2 is rejected, and

the other accepted, then we have a 'desirable' test outcome that provides the required
information. If both hypotheses are rejected (or accepted), 3 the researcher enters a

state of confusion. This may even become worse, if, in addition, a joint hypothesis H: /3;

= /3' = 0, is tested, as the outcome of this hypothesis test may be in conflict with the2

separate tests (see Gaver and Geisel, 1974, p. 56).

A further complication of the comprehensive testing approach arises from the fact
that the embedding model presented here is not the only conceivable one. One can also
construct a comprehensive model by means of a weighed average of the two models. In fact,
there are numerous ways to combine rival models. For example, by considering the
likelihood functions of MI and M2, one can obtain the comprehensive likelihood function,
L(LI,L2,A) as an exponential mixture (due to A.C. Atkinson but already suggested by Cox,
1961, p. 110), or as a convex combination (due to Quandt), etc. (see Gaver and Geisel,
1974, and Pesaran, 1982a, for details and references). The exponential mixture is
particularly convenient, as (in the univariate linear model) it yields the comprehensive
model (with W for simplicity incorporated in the matrices Xi),

(8.3)

2 More precise definitions of (non-) nested are given below.
3 Acceptance of both bypotheses is not unlikely if the regressor sets are highly
collinear.
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One can test whether A differs from zero or one, but a problem is that this parameter is
not always identifiable. If A is exactly equal to one of those extremes, the parameters
of one of the submodels do not appear in the comprehensive likelihood function which

invalidates the testing procedure (see Pesaran, 1982a, p. 268).
A final problem of comprehensive testing is that the test properties (in terms of

Type I and Type II errors) are unknown if the variables are non-stationary.

2.3.2 The generalized likelihood ratio test
An alternative to the comprehensive model approach is due to Cox (1961, 1962), who

provides an analysis of tests of 'separate' families of hypotheses based on a
generalization of the Neyman-Pearson likelihood ratio test. To define terms, consider
again the models M, and M2• By separate families of hypotheses, Cox (1962, p. 406) refers
to models that cannot be obtained from each other by a suitable limiting approximation.
Vuong (1989) gives more precise definitions. He calls this the strictly non-nested case,

defined by the condition,

(8.4)

As an example, one may think of two regression models with different assumptions
regarding the stochastic process governing the errors (e.g. normal and logistic). The
comprehensive approach, on the other hand, relies on nested models, defined by

(8.5)

An intermediate case, which probably is the most interesting for econometrics, consists

of overlapping models, with

(8.6)

(Vuong's definition 3, in 1989, p. 320, contains a typo). I will concentrate on the case
of overlapping models, which seems of the most interest for practical research in
economics (Vuong, 1989, shows that his approach, applied to the nested case, yields the
familiar likelihood ratio test and the asymptotic properties derived in Wilks, 1938,

hold).
First of all, it should be clear that the Neyman-Pearson likelihood ratio test does

not apply in this case. If L, denotes the maximized likelihood of M" and L2 the
maximized likelihood for M2, one can calculate the likelihood ratio,

(8.7)
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The likelihood ratio test,

(8.8)

has an asymptotic x2 distribution under the null, model hli for example. However, this is
only the case if hli C hl2 (as x2 ~ 0). In other words, the plain likelihood ratio test can
be applied in the context of the comprehensive approach, but not in cases where one wants
to evaluate 'separate' families of hypotheses or overlapping models, without being
willing or able to construct an embedding model. If one is not particularly interested in
significance testing but in model discrimination, then it still may be useful to consider
the maximized likelihoods and select the model with the higher one (this is also noted in
Cox, 1962), perhaps after considering matters such as simplicity using the modified
simplicity postulate (see the discussion of the criteria of Rissanen and Schwarz in
Chapter 6.4). But Cox aims at constructing a proper significance test in the spirit of
the Neyman-Pearson framework in absence of prior probability distributions.f It may,
therefore, be useful to point out the difference between model selection and non-nested
significance testing. The latter can best be interpreted as a kind of mis-specification
testing with the complication that the alternative hypothesis cannot be reduced to a
limiting case of the null hypothesis.

Whether Cox's purpose is of interest or not depends on the aim of inference. In many
cases, the researcher is simply interested in a question like 'which model predicts best'
(given some loss function, for example based on mean squared error). In such cases, it
does not make sense to use Cox's framework. If mis-specification testing (model quality
control) is the aim, the test may be of interest. Let us turn to Cox's test (1961, p.
114). It is defined as:

T=L .[{L}
I 112 I 112' (8.9)

where LI/2 is the log-likelihood ratio, [{L } is the expected value (if hi were true)
I 112 j

of the difference between the sample log-likelihood ratio given hli and the sample log-

likelihood ratio given hl2 (the likelihoods are evaluated at the maximum likelihood

estimates). Cox (1961) shows that under the null, T is asymptotically normal
j

distributed.
An essential feature of this procedure is that it is asymmetric: in the case given

4 If proper prior probability distributions are available, then the Bayesian posterior
odds approach suggests itself. Cox (1961, p. 109) notes that if such distributions are
not available, and use is made of improper distributions, then the odds are driven by the
normalizing constants of hlj and hl2. See the discussion of the Bayesian approach below for
some comments.
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above, the distribution of the parameters of M is evaluated conditionally on the truth
2

of M (M is called the reference hypothesis). Hence, the inferential results may depend
I I

on whether M or M is chosen as the reference hypothesis, and it may happen that MI is
I 2

rejected if M2 is the reference model and vice versa, in which case there is inconsistent
(or confusing) evidence (at best, if both models are rejected versus the other, the sign
of the tests may suggest into what direction to search for better hypotheses, i.e.
whether elements of both models should be incorporated into the new model, or whether the
new model should be more distinct from the previous models). If the problem is not one of
model selection, this may be as (un)problematic as with conventional mis-specification
testing: it merely gives a hint that 'something' is wrong. Conventional mis-specification
test may even be preferable, as they can be more informative with respect to what exactly
might be wrong. The tacit assumption of a true model is again as problematic as it is in
conventional significance testing; most econometricians would agree with the statement
that their specifications are only approximations in the sense of 'adequate'
representations of the phenomena (data).

Cox's test is hard to implement in the case of non-nested models because of the
difficulty of calculating [{L }. Moreover, the asymptotic nature of the test allows to

I 1/2

use any consistent estimator under the null of f31 and f31,o = pliml~) (Pesaran, in
MacKinnon, 1983, p. 146). As a result, many versions of Cox type test statistics are
available, which leads to the same kind of problem that Neyman and Pearson faced (and
tried to solve) long before. MacKinnon (1983 and 1992) surveys some of the econometric
implementations. The Cox-test first appeared in econometrics in the early 1970s (see e.g.
the surveys by Gaver and Geisel, 1974, and MacKinnon, 1983). Hendry, Mizon and Richard
use it for their theory of encompassing (see e.g. Mizon and Richard, 1986). Encompassing
is both used to compare rival models, and to see whether a particular model is an
adequate representation of the data. Encompassing has both elements of mis-specification
testing and of model selection. Cox's impact on encompassing anyway is more heuristically
than substantively. In the context of linear regression models, the encompassing tests
that are presented in papers that follow this methodology are usually not the (rather
complicated) implementations of the original Cox tests. The heuristic ingredient of Cox,
i.e. that one model should be able to explain the behaviour of the other one, is
exploited by means of a more general evaluation of the qualities of the models (see, for
example, the case study of Hendry, 1983). In practice, this amounts to fairly
straightforward tests of adding a subset (excluding the overlapping variables) of
variables of a rival model to the reference model, to which a set of t-tests or an F-test
(see the discussion of embedding, above) can be used (,parameter encompassing'), plus a
one degree of freedom test on the variances of the rival models (,variance
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encompassing'). I cannot help to conclude that the frequentist encompassing principle is
much ado about ... well, the F-test, basically.

2.3.3 Symmetric testing
A different frequentist approach to the problem of model choice is presented in Vuong

(1989) and for a more simple case in Lien and Vuong (1987), who explicitly drop the
assumption that either one or both models should be 'true' in the statistical sense (like
Mizon and Richard, Vuong relies on 'pseudo-true' values). Vuong's is the third strategy
in the frequentist domain, the symmetric or equivalence approach (which dates back to
work of Harold Hotelling (1895-1973) in 1940). Hotelling's approach is based on a
comparison of the correlation coefficient of two models, with K, = 2 (including the
intercept). His test is (see Gaver and Geisel, 1974, p. 55):

{
(N-3)(1 +ro) }112

t = (rl - r2) ,

2D
(8.10)

where rj denote the estimated correlation coefficients belonging to hlJ and M2

respectively, ro denotes the estimated correlation coefficient between XI and X2, and

D (8.U)

Hotelling's test statistic has a t distribution with N-3 degrees of freedom. A clear
advantage of Hotelling's test is that it is symmetric: none of the models is a priori
chosen as a point of reference. Its main drawback is that is not applicable to models
with more explanatory variables.

In contrast to the other two approaches, there is no implicit assumption that either
one of the rival models is true, or that the embedding model is true. Instead, Vuong
provides a very general framework in which nested, non-nested and overlapping models can
be compared, with the possibility that one or both models may be mis-specified. An
information criterion is used (the Kullback Leibler Information Criterion, KLIC) , which
measures the distance between a given distribution and the 'true' distribution. The idea
is 'to define the "best" model among a collection of competing models to be the model
that is closest to the true distribution' (Vuong 1989, p. 309).

Let the conditional density functions of the 'true' model be given as hO(y, Iz.). The
data x,=(y"z,) are assumed to be independent and identically distributed (i.i.d.),
therefore, the approach is not directly applicable to time series models. The 'true'
model is not known, but there are two alternative models, parameterized by 8 and '¥
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respectively. If they do not coincide with the 'true' model, they are mis-specified. In
this case, one can use quasi maximum likelihood techniques to obtain the 'pseudo-true'
values of the parameters, denoted by an asterisk. Given the vectors of observations
{y,z}, the KLiC for comparing the distance between the 'true' model and one of the

alternatives, e.g. the one parameterized bye, is defined as:

• .0 O! 0 *KLIC(t1
y1z

;Me) ;; [[In (ylz)] - [[In f(ylz;e )]. (8.12)

where Me denotes the model with parameterization e and JU is the 'true' conditional

density (see Vuong, 1989, p. 316). As the true model is unknown, this measure cannot be
calculated. However, if the distance between the 'true' model and the alternative is

defined similarly, we can write the indicator

(8.13)

There still is a problem with this indicator, because, again, it is unknown if (he 'true'
model is not known. However, under certain regularity conditions and given the existence
of unique 'pseudo-true values' for e and r, it can be estimated consistently using the
likelihood ratio statistic (Vuong, 1989, lemma 3.1). If the models do not coincide (i.e.

fey Iz.s *);<f(y Iz;/); the equality would result if the 'pseudo-true values' of the
specific parameters of both models are simultaneously null), the test statistic goes to
plus or minus infinity almost surely, depending on which of the two models is closest to

the 'true' model. In case of equivalence (i.e. f(Ylz;e*) = f(ylz;r*), the test has a
weighed sum of x2 distributions. Hence, one first needs to test whether the data can
discriminate the models (for which Vuong proposes a variance test), subsequently, one can
implement the likelihood ratio test and use the appropriate asymptotic distribution in
order to evaluate the models. The tabulated significance levels of the sequential test
are not valid anymore (Vuong, 1989, p. 321 gives an indication of how to interpret the

sequential test results).
Vuong's procedure has clear advantages: it does not rely on the axiom of correct

specification. The advantage of generality is countered by a loss of power to
discriminate between the models, which together with the computational complications is a
drawback of this approach. Also, the restriction to i.i.d. models is a drawback. Finally,
the reliance on quasi-maximum likelihood relies strongly on asymptotic reasoning. In many
economic applications, one has to deal with particularly small samples. Exact small
sample statistics are, therefore, more desirable than tests based upon sophisticated
asymptotic theory of which the small sample properties are not known (see McAleer and
Bera in the discussion of MacKinnon, 1983 p. 126, for comments and references to small



Chapter 8. Appraising rival theories 247

sample results).

2.4 Bayesian approaches to testing rival theories

The second methodology is based on the Bayesian perspective. There are at least two
approaches within the Bayesian methodology: the first, based on predictive probability
density functions, the second based on decision theory (Gaver and Geisel, 1974).5

2.4.1 The predictive approach

The philosophy of the predictive approach to inference is based on the idea that
inference should be based on observables only. Data are observable, parameters of models
not. Hence, appraisal of rival models should be based on the data, not on unknowns. The
basic idea is very simple. Instead of applying Bayes' theorem to infer about parameters,
we now apply it to inference of models. More explicitly: assume as before we have two
models to compare: At and At , parameterized by f3 and f3 respectively. These models are

1 2 1 2

designed to describe data y. The prior probability density functions for the parameters
are flf3 [At), i = 1,2. The predictive probability density functions of the observations

J I

given the models, f(YIAt), is obtained by:

(S.14)

where fly I f3j,Atj) is the familiar likelihood function. To obtain information on the
comparative credibility of the rival models given by the data, one can calculate f(Atj Iy).
This is a straightforward application of Bayes' theorem. The additional ingredients are
the prior probabilities of the models, denoted by feAt). If, a priori, both models are

I

equally credible, it is natural to set flAt) equal to 0.5. These probabilities are
I

revised in the light of the data to posterior probabilities:

f(At)f(y[At
j
)

fey) (S.15)

The predictive density of future observations, YF' given oberved data y, can be obtained
by the predictive densities of those observations as given by either of the rival models,
weighed by the credibility of each model:

(S.16)

5 Other approaches, not discussed here, make use of the highest posterior density and
Bayesian encompassing.
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where fly Fly ,At) is obtained by integrating out the parameters of model Atj from the

predictive density of new observations (weighed by the prior pdf of the parameters) (see
Gaver and Geisel, 1974, p. 64; see Zellner, 1971, p. 29, for definition of the predictive

pdf in the context of just one model, e.g. fly ly,At ».
F 1

The predictive approach to inference does not force one to choose between the models.
Optimal inference on future data depends on both models (the approach can be generalized
to the case that more than two models are available). Evidence is combined, not sieved.
This is a strength as well as a weakness. It often does not make sense to invest in
calculating the predictive pdf obtained by models that are quite off the mark (such a
model would carry a low weight in the combined prediction). Similarly, a principle of
parsimony also suggests that if both models yield similar predictive results, one might
just as well take only one of the models for making a prediction. Hence, it may be
desirable to make a choice. This can be done by extending the predictive approach with a
decision theoretic analysis based on posterior odds.

2.4.2 The decision theoretical approach
The decision theoretic approach to the evaluation of rival models is based on the

posterior odds approach, due to Jeffreys (1961). The marginal densities of the
observations for the rival models are compared by means of the posterior odds ratio.
The posterior odds ratio for comparing the two models is:

POR
f(At

l
) f(YIAt

l
)

= __ 0 __ --'--

feAt) fey I A(
2
)

(8.17)

The posterior odds ratio is equal to the prior odds times the ratio of the weighed or
averaged likelihoods of the two models, fey IAt) (see 8.14). This is the so-called Bayes
Factor, the ratio of the marginal densities of y in the light of Atl (with parameters (3)

1

and 2 are the competing models thatand At2 (with parameters (3 ) respectively. Models 1
2

are used as 'windows' (Poirier, 1991) through which the data can be seen. The Bayes

factor reveals the quality of the windows.
The averaging of the likelihoods is the result of the uncertainty about the unknown

parameters (3.. Hence, the expression given in (8.17) is obtained by
I

POR (8.18)
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This expression makes clear how Jeffreys' posterior odds approach relates to the Neyman-
Pearson likelihood ratio test. The latter is based exclusively on the fraction
fly I /31,M1)/fly 1/32,M2) evaluated at the maximum likelihood estimates, hence, it only
depends on the goodness of fit of the models. There is no consideration of the prior odds
of the models, unlike in the posterior odds analysis. In case of comparing two linear
regression models, Zellner (1971, pp. 310-311) shows that the posterior odds, on the
other hand, depend of the prior odds of the rival models, precision of the prior and
posterior distributions of the parameters, goodness of fit, and the extend to which prior
information agrees with information derived from the data. The goodness of fit factor
dominates if the sample size grows to infinity.

In practical applications, the Bayesian researcher usually sets this prior odds ratio
equal to one, in order to give both models an equal chance.v Private individuals can
adjust this ratio with their subjective odds as they like. A more fundamental difference
between the Neyman-Pearson approach and posterior odds is that the first is based on the
maxima of the likelihood functions, while the latter is based on averages of likelihood
functions. For averaging the likelihood functions, one needs prior probability
distributions (or densities), a reason why some investigators do not like the posterior
odds approach. One may interpret the difference as a dilemma in constructing index
numbers:

'Weighted averages are commonly used as indexes, say, l(xl,··· ,xn) = L~=1W;Xj,

fWj = 1, wi~O. Theories of index numbers ususally imply weight values Wj that are
known only approximately, but this has not inhibited the practical construction
of indexes. For example, consumer price indexes have weights that depend
theoretically on unobservable marginal utilities.
An alternative index-the maximum of the class r(x1, ... ,xn)=max;Xj-has to my
knowledge never been proposed in the context of the theory of index numbers.'
(Leamer, 1978, p. 107)

The likelihood ratio test is like this 'alternative index'. If likelihood functions are
relatively flat (compare: most elements of the class to be summarized in the index have
values close to the maximum), this may be not too bad an approximation to the ideal
index. If, however, data are informative (for example, due to a large sample size), the
Neyman-Pearson likelihood ratio test statistic and its relatives, Cox's test and Vuong's
test, are unsatisfactory: the maximum values of the two likelihood functions are not
representative for the likelihood functions as a whole. This leads to conflicting results
between likelihood ratio tests and posterior odds ratio's, if one hypothesis is a sharp

6 The prior odds ratio can be interpreted as one's betting ratio of model 1 versus model
2 before considering the evidence as provided by (new) data.
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null and the alternative a composite hypothesis (Leamer, 1978, pp. 100-108). Another
distinction between the Neyman-Pearson approach and Jeffreys' posterior odds ratio is
that the latter does not depend on hypothetical events but on the observations and prior
probability densities.

The decision theoretic approach builds on Jeffreys' posterior odds by considering the
possible losses of making wrong decisions (see Savage, 1954; Gaver and Geisel, 1974;
Berger, 1980). An example is the MELO, or Minimum Expected Loss, approach. Consider the
following very simple loss structure. Given the 'correctness' of either model M, or M2, a
loss structure with respect to the rival models might be that accepting a 'correct' model
involves zero loss, while accepting M, (M2) while M2 (M,) is 'correct' leads to a
positive loss of L2, (L12). A more complicated loss structure might be one that is based
on prediction errors (see Zellner, 1984, p. 239, for discussion of squared error loss).
The posterior expected loss of choosing model i and rejecting j for the simple example
given here is

(8.19)

The model with the lowest expected loss will be chosen. For example, model M, will be
chosen if

flM,) fly 1M,)
= __ 0_- >

flM2) fly 1M2)
(8.20)

Hence, the Bayesian decision theoretic approach uses the posterior odds ratio but adds an
appropriate loss structure to the decision problem. An interpretation of (8.20) is that
M, will be chosen if the weighed (averaged) likelihood ratio, flyIM,)/flyIM2), exceeds

the prior expected loss ratio, flM2)L2JflM,)L'2'

2.4.3 Formalizing 'progress'
If the prior confidence is very much in favour of 'R'P, and not 'R'P2' and you think the

window provided by M is a priori satisfactory, your prior odds will be high. But the,
data may force you to adjust your opinion: if the Bayes factor favours M this has to

2

lead to a revision of the prior odds. A rational researcher has either to revise the
confidence in 'R'P, or to adjust the research programme such that it might be able to,
regain confidence. The comparison between the rival models is not a real test in the
sense that a decision must be made about dropping one or the other model. Instead, it is
a way to obtain information on the relative quality of a model in a certain setting, this
information may be used for further inference. The Bayesian view deals with learning from
data, this view is particularly useful in the context of appraising rival theories. An
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outright rejection of a research programme is not demanded from a rational investigator.
In this sense, the predictive Bayesian approach is in agreement with Lakatos. The
difference is that Bayesianism allows to quantify, to a certain degree at least, the
otherwise vague notion of progress and degeneration (in Section 3.2.3 below, I will
return to Lakatos' notion of progress and novel events). Let us see how this is done.

Say we have two competing theories (e.g. the permanent income hypothesis versus the
Keynesian consumption theory, for a treatment of the former see e.g. Campbell, 1987), 'j

I

and s : They are not static but develop over time, i.e. they are part of competing
2

research programmes. At a given point of time, 'j may have a higher probability than 'j ,
I 2

measured in posterior odds, but it is possible that 'j2 is more fruitful (by generating

new hypotheses, some of which are confirmed) than the research programme of its
competitor. Let us assume that the theories and experimental designs have resulted in two
rival models, for example linear regression models. For example, M implies that

I

temporary fluctuations in current income do not matter for consumption behaviour, whereas
M implies a strong positive correlation. We can calculate the posterior odds for these

2

models. Assume this ratio favours M , the permanent income hypothesis, POR is bigger than
I

one. The adherent of M2 does not give up his theory but changes the theory by adding some

additional arguments, A. For example, he may introduce some dynamics in the Keynesian
consumption function in the form of an error correction specification. If these additions
fit in very well with M2 (i.e. have high prior probability given M2, which amount to say

that the theoretical innovation is not ad hoc in Lakatos' first sense), and if they,
together with M , lead to new empirical predictions, the result will be a new posterior

2

odds ratio, which is equal to:

*POR
= j(M )·J(YIM ,A) .J(AIM )

2 2 2

f(M ) ·f(YIM )
1 1 (8.21)

In other words, the odds change favourably to the second theory if the additional or
augmenting hypothesis A has high probability given M2 (i.e. given the environment of its

research programme), and if M and A jointly predict the occurrence of data better than
2

M itself did. Another way of viewing this is to define M and A together as a new model,
2 2

M , and calculate the posterior odds of the old versus the new instance of this research
3

programme. If the odds are bigger than one, the innovation is 'progressive'. It will also
lead to an improvement of the odds versus the competitor, as straightforward calculation
shows.

If the data are so outspokenly at odds with theory M2 that the prior odds are crushed
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by the data information, and if no additional hypothesis can be thought of that is both
likely in the context of this theory and in the context of the data, then the opinions of
researcher of rival research programmes may converge towards M. Subjectivity (in the

I

sense of differences of private opinions) vanishes in the limit, where one theory is the
best representative of the phenomena and the sample-size grows to infinity. In this case,
the method of posterior odds and frequentist non-nested testing will lead to the same
decision.

2.4.4 The role of the prior
The Bayesian methodology has the advantage that it deals explicitly with uncertainty

about parameters and models. This is at the cost of analytical tractability: calculation
of the predictive densities (and hence the posterior odds) can be cumbersome if
informative priors are used, and may lead to nonsensical results if non-informative
priors are used (see Gaver and Geisel, 1974, pp. 69-72, for an example of comparing two
linear regression models of unequal dimension and discussion of some efforts to solve the
problem). In fact, the latter implies that it is impossible to evaluate rival models with
no a priori information at all. Judging theories only on ground of maximum likelihood
evaluation is as misleading as calculating posterior odds based upon strictly non-
informative priors.

However, there is a third approach of model selection that is related to Bayesian
inference, which uses information criteria to select models. The Kullback-Leibler
information criterion has been discussed already.

The information criteria of Akaike (AlC) and Schwarz (SIC) for comparing two models
are:

(8.22)
and

(8.23)

where fey I~1,Ml) denotes the value of the likelihood evaluated at its maximum, k, the
dimension of the model, and N the number of observations (see also Chapter 6, Section
4.2.2; other information criteria that have been derived are the prediciton criterion PC

of Amemiya and the Bayesian Information Criterion BIC by Sawa; see Amerniya, 1985; Sawa,
1978). It can be shown that these criteria are approximations to the posterior odds ratio
(Zellner, 1978, gives an explicit comparison of posterior odds and the Akaike criterion
for the case of linear regression models). It is well known that the Akaike criterion is
biased towards favouring larger models, while the Schwarz criterion is in agreement with
the explicit Bayesian approach.
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2.5 Empirical applications

The foregoing discussion of frequentist and Bayesian strategies to evaluate rival
models would be of little interest if applications were absent. Most econometric research
fits in the frequentist tradition, hence most applications of testing rival models should
be found here. Indeed, quite a few applications appear in the literature. Tests of
Keynesian versus new-classical explanations of unemployment are presented in McAleer and
McKenzie (1991) and discussed in Section 4 below. McAleer (1994) contains an extensive
survey of non-nested tests in the economic literature.

Applications of the Bayesian posterior odds approach are much rarer than tests based
on Neyman-Pearson methods. A few interesting examples are the following. The Friedman-
Meiselman models have been analyzed with Bayesian posterior odds by Geisel (1973), who
concludes that (contrary to the Friedman-Meiselman) the data are not very informative on
which model performs best; the results are sensitive to small changes in sample and
specification. Neftci (1984) uses POR's to answer the question 'Are economic time series
asymmetric?'. Rossi (1985) uses this approach to appraise alternative functional forms in
production (translog versus Fourier flexible form). His study is interesting, as it
reports an effort to compare two models of unequal dimension with nearly uninformative
priors. He is able to circumvent the problem that the posterior odds are completely
driven by the specification of uninformative priors by making use of Zellner's (1986)
g-prior and assuming that the variance-covariance matrices of the rival models have the
same prior distributions. Geweke (1987) analyzes the cyclical behaviour of real GDP and
uses posterior odds ratios to compare models with damped, oscillatory or explosive
behaviour. Hong (1991) uses posterior odds to compare reduced form IS-LM models of output
growth with Barre's (1977) new-classical model in which unanticipated money shocks help
to explain output fluctuations. Below, I will discuss the latter example in more detail.

3. Rival theories and specification uncertainty 7

One of the fundamental problems in econometrics is that of specification uncertainty. The
econometric model is not unambiguously specified by economic theory. Chapter 5 showed how

7 This section is based on a paper presented at the CentER/SPES workshop 'The
significance of testing in econometrics', Tilburg, December 15-17, 1991.
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Tinbergen, Haavelmo and Koopmans struggled with this issue. Despite acknowledged
shortcomings of economic theory, these econometricians opted for a theory-driven
approach. This strategy is popular in micro-econometrics (although it would be a mistake
to believe that micro-economic theory provides a unique econometric specification for
micro-economic problems; see Chapter 7). The theory-driven modelling strategy has not
been quite as successful in macro-econometrics. It is telling that the pioneers in
econometrics mentioned above all turned away from empirical macro-econometrics (see also
Epstein, 1987). The alternative, a data-instigated modelling strategy, has become more
popular in the recent past. But the gap between pure time series statistics and economic
inference is wide.

If the econometric model is not completely determined by economic theory, the applied
econometrician is free to adjust the model in certain directions. The more use is made of
this discretion, the better a model may fit the data, but the less will be the
theoretical content. This poses the question as to how much discretion an empirical
investigator should have, and to what extend economic theories may be tested. Klant
(1990) argues that empircal models in economics are different from their theoretical
counterparts. Economics differs from physics, where the numerical values of the
parameters are the same in the theoretical and empirical model, while 'in economics, they
partly depend on the specifics of the model' (Klant, 1990, p. 8). Indeed, econometricians
have not yet been able to compose a concise survey of the values of elasticities. Klant
concludes that this makes theories in economics (much) less refutable than in physics.

I do not believe that refutability should be an aim of econometrics. A more
interesting problem is whether specification uncertainty makes it altogether impossible
to compare rival theories, or even to compare rival specifications that are both related
to the same theory or research programme. The following section deals with this problem.

3.1 Lucas' Principle

Robert Lucas, one of the most sophisticated contemporary economists, is well aware of
the problem that arises from specification uncertainty. This is clear from his discussion
of the so-called neo-classical synthesis (Lucas, 1980). The neo-classical part of a
synthesis model specifies the static long-run equilibrium of the economy, whilst the
Keynesian part adds dynamics that 'explain' departures from equilibrium. Typically, this
dynamic process is not constrained by theoretical considerations. The synthesis of a
static general equilibrium system and a dynamic disequilibrium model introduces 'free
parameters' additional to the parameters describing tastes and technology (Lucas, 1980,
p. 279). Lucas has strong objections to such free parameters.
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The static general equilibrium model can be viewed as nested within the synthesis
model. The synthesis model encompasses a wide range of views toward economic policy.
This, many economists think, makes the general model a natural starting point for testing
rival theories. Lucas writes that

'I suspect this is one reason why those economists, like Milton Friedman, who
made no use of this framework were treated with some impatience by its
proponents. Why could he not simply specify which particular parameter values
corresponded to the case he believed to fit the facts, let others do likewise,
and then the matter could be handed over to the econometricians for a definitive
resolution?' (Lucas, 1980, p. 279)

However, Lucas supports Friedman's position. Given the data set on which the empirical
synthesis model is based, it will always outperform a model that imposes a tight strait-
jacket. This gives rise to a methodological Principle with capital P:

'since a synthesis of this kind involves the addition to the model of free
parameters, the synthesized version cannot fit the facts worse than the original
equilibrium version on which it is based. One seems to be led, then, not to
equilibrium models as a class, but to a vastly larger class of synthesized
disequilibrium models. Now I am attracted to the view that it is useful, in a
general way, to be hostile toward theorists bearing free parameters, so that I am
sympathetic to the idea of simply capitalizing this opinion and calling it a
Principle.' (Lucas, 1980, p. 288)

Lucas (1980) is a methodological paper, supporting a methodological research programme in
equilibrium business cycle analysis. It builds on earlier theoretical work (e.g. Lucas,
1975). The core of this research programme is the faith in the notion of competitive
equilibrium. Prices and quantities are always in equilibrium (Lucas, 1980, p. 287).
Business cycles are driven by agents' response to imperfect signals. The theory of
rational expectations reconciles this imperfect information with rationality and
equilibrium outcomes (equilibrium is implied by the absence of systematic rents).8 In a
Walrasian equilibrium, the 'auctioneer' acts infinitely rapidly. According to
disequilibrium economics, this is an unwarranted fiction-the auctioneer needs time. In
the neo-classical synthesis models, this process is captured by the Phillips curve. This
is where the free parameters enter the model.

Although Lucas directs his hostility toward theorists, the Principle is motivated by
considerations of empirical testing of theories. Now it will be uncontroversial to state
that everybody in the econometrics profession is aware of the distinction between a

8 The heuristic of the equilibrium business cycle programme, if we follow Lakatos'
terminology, might be to construct models in line with optimizing behaviour of
individuals, equilibrium outcomes, and possibly imperfect information. We face the same
problem of applying Lakatos methodology as in the discussion of consumer behaviour: Lucas
proposes to test a hard core proposition in the equilibrium business cycle research
programme, i.e. the Natural Rate Hypothesis.



256 Part II. Inference in Econometrics

theoretical model and its empirical formulation. Applied econometricians have to make
specification decisions. This is not Lucas' concern. He wants to impose a strait-jacket,
also on the empirical model. But he does not claim that a tighter strait-jacket will lead
to a one to one mapping from theory to empirical model (in which case the empirical model
becomes an instance of the theoretical model, and refutation of the emprical model
implies Popperian falsification of the theory). Lucas is less concerned with
falsification than with comparing the merits of rival models, using independent evidence
(see below). Ad hoc synthesis models are an obstacle to testing rival models with
independent data.

It is important to note that there is a relation but also a distinction between
Lucas' (1976) famous critique, and Lucas' (1980) Principle: both provide arguments in
favour of a search for 'deep' parameters only. The Lucas critique however is primarily
directed to the interpretation of single econometric models for purposes of policy
evaluation, in the light of possible feedback mechanisms. Lucas' Principle, on the other
hand, relates to the appraisal of rival models, feedback is not the underlying primal
problem.V In Lucas' own words, the topic of Lucas (1976) focusses on the importance 0

fidentifying structural parameters that are invariant under the kinds of policy changes
one is interested in evaluating (Lucas, 1981, p. 11). The distinction was possibly
overlooked because of the similarity of some of the implications. But Lucas' Principle is
the one that is of interest for a discussion of the significance of testing in
econometrics-it is not just a rephrasing of the Lucas Critique.

3.2 The motivation of Lucas' Principle

The motivation for the hostility toward free parameters can be analyzed in a Bayesian
scheme of inference. In so doing, I will combine the Principle with an analysis of
parsimony and ad hocness, which are related issues. The (perhaps obvious) conclusion of
this section is that hostility towards free parameters should be weighed against the
usefulness of such parameters.

3.2.1 Parsimony
An obvious reason for hostility toward free parameters results from a preference for

parsimony. Free parameters that are not motivated by the heuristics of the theory
increase the complexity of the model. Appraisal of the model becomes increasingly

9 The rival models may be nested or non-nested. It is plain that Lucas does not want to
restrict the equilibrium models as a nested version within a range of disequilibrium
models: see the citation given above (Lucas, 1980 p. 279).
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difficult, as prior opinions are less precise for more complicated models, with more ad
hoc variables. In discussing the Bayesian approach to model evaluation above, I argued
that such evaluation becomes more difficult if prior information concerning the
parameters of the models becomes uninformative (diffuse). This is not as much an argument
for simplicity, as an argument against ad hocness. The latter is closer to Lucas'
concerns than simplicity for its own sake.

3. 2.2 Independent evidence
The inferential problem of rival models that are not constrained by theory is that we

can estimate the parameters given a particular set of data, but have no external way of
checking the parameters, as the free parameters may behave differently in different
contexts. Theory, according to Lucas, is based on the assumption that technology and
preferences are given, and that (in a market economy) the resulting model is relevant to
any point in time and location.

There is reason to believe that the free parameters of the synthesis model are not
stable over place and time: such reasons are given in Lucas (1976) and are related to
feedback of policy on behaviour. The breakdown of the Phillips-curve itself is evidence
for Lucas' thesis. Once this regularity was found and efforts were made to exploit it for
policy, it stopped being a dependable regularity, possibly because of feedback due to
expectations (see also the next chapter). Theory should be invoked to ascertain that such
feedback processes are incorporated. Of course, this issue can be analyzed by empirical
research, such as testing parameter stability (recursive methods, such as proposed by
Hendry, or Kalman filter techniques, can be useful for this purpose). The problem of such
methods is that the validity of models should be tested with new data, that are not used
for the construction of the model. Lucas (1981, p. 12) concurs with the view that
stability of parameters always is an empirical matter, there is no a priori reason why
even preferences or technology should be stable.

The premier motivation for Lucas' Principle is a demand for independent evidence for
econometric inferences (in this sense, it is very much in the spirit of the ideas of
Friedman, see e.g. Friedman and Schwartz, 1991, and the discussion of Friedman's comments
on Tinbergen, in Chapter 5, Section 3.2.2). Such independent or external evidence may
come from micro-econometrics, but may also come from cross country studies or any other
kind of evidence that has a meaningful economic interpretation. An alternative to the
Phillips curve may be the introduction of parameters describing the degree of
intertemporal substitution in labour supply. A macroeconomic equilibrium business cycle
model can be estimated, and confronted by independently obtained micro evidence. A
similar strategy was followed by Friedman in his early work on the consumption function
(which on its tum elaborated Kuznets' fmdings of diverging cross-sectional and time
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series evidence on the propensity to consume).

Combining evidence is a standard routine in econometrics, if the new evidence can be
processed by pooled regression or Bayesian updating schemes. Less routine is how to
combine, as in Lucas' example, micro evidence on intertemporal substitution in labour
supply, with a macro model of (equilibrium) business cycles. The question is how to
incorporate different pieces of evidence in a general model, and how to evaluate possible
conflicts between the pieces. In theory, the Bayesian scheme of inference can handle such
problems. In practice, applications turn out to be extremely complicated (see Howson and
Urbach, 1989, pp. 96-102, for an example). Prescott's calibration methodology (see
Kydland and Prescott, 1991) may have gained popularity because of the problems of a
formal Bayesian approach (Lucas, 1980, does not discuss calibration, but his remarks are
not inconsistent with the calibration methodology).

3.2.3 Lucas' Principle, Lakatos and novelty
An advantage of a dynamic model based on a theory of intertemporal substitution

relative to a Phillips curve model, is that the first one predicts 'novel facts' (where
by novel facts, I mean facts that were not used in constructing the theory and are
unexpected in view of a rival theory). Remember from Chapter 1 how Lakatos (1978, p. 33)
defines different kinds of progressiveness and ad hocness of research programmes. The
prediction of 'novel facts' is the essential ingredient for progressiveness. Lakatos does
not define novelty in a unique fashion, though. In (1978, p. 5), Lakatos defines novel
facts as 'facts which had been either undreamt of, or have indeed been contradicted by
previous or rival programmes'. In (1978, p. 32), novel facts of a theory T' are defined,
relative to a contender T, as predictions that are improbable in the light of, or even
forbidden, by scientific theory T. Later on, novelty is identified with independent
testability (Lakatos, 1978, p. 41).10 It is the latter interpretation of novelty that is of
most interest, and that coincides with Lucas' concern. Lucas holds the consistency of
specific propositions of a model with the general prescriptions of equilibrium theory in
high esteem. A Lalcatosian might label Lucas' introduction of parameters describing the
degree of intertemporal substitution in labour supply into equilibrium business cycle
models theoretically and heuristically progressive.

Hendry and his followers relate Lakatos' notion of progressive research programmes to

10 Lakatos defines novelty in many different ways. For example, Lakatos (1978, p. 184)
argues that novel facts are facts that are inconsistent with previous expectations and
unchallenged background knowledge, and, in particular, are novel if they are not forseen
by a rival research programme. Lakatos (1978, p. 185) adds that Elie Zahar modified the
concept of novelty, by also allowing for post hoc predictions of already known facts.
Here, a fact is novel if it was not consciously used in constructing a theory (but should
we be able to evaluate a researcher's consciousness?).
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the notion of 'encompassing'. A model is said to encompass another one if the former can
explain the results obtained by the latter. There is much to say in favour of
encompassing, but explaining findings of rival theories is not necessarily progressive in
Lakatos' sense. Encompassing has to do with re-interpretations of other interpretations,
given the data, not with the novel theoretical predictions which are Lakatos' main
concern (although Zahar's adjustment of the meaning of novelty allows for novelty with
hindsight). For Lakatos, a research programme is progressive if it is theoretically,
empirically and heuristically progressive. It seems to me that Lucas, who refrains from
an excursion to the philosophical literature, is closer to Lakatos' intentions than those
who explicitly refer to him.

3.2.4 Ad hoc inference
An objection to free parameters is that they are free from external scrutiny. This is

similar to being ad hoc} (in Lakatos' 1978 sense), as there is no independent testing
procedure (no novel facts are predicted). Furthermore, a free parameter will be ad hoc;
if the addition of this parameter reduces the cohesion of the theory. Why then are free
parameters used in empirical models? One reason may be to improve the fit of a model to
the data, or to improve the quality of predictions-not necesarily novel facts, but
extrapolations of current observations.

Ad hoc adjustments of theories can be found in other disciplines as well, and may be
important for representing empirical phenomena by scientific models. Ian Hacking (1983,
p. 211) gives a short history of analyzing the Faraday effect (the finding that magnetism
affects light). Faraday had no theoretical explanation for his effect, but his
contemporary G.B. Airy was able to represent the effect by a slight adjustment of the
wave theory of light: 11

'The equations for light had contained some second derivatives of displacement
with respect to time. Airy added some ad hoc further terms, either first or third
derivatives. This is a standard move in physics.' (Hacking, 1983, p. 211;
emphasis added).

Similar arguments can be found in Cartwright (1983). Arbitrary, 'free' parameters are
often important, even in physics. Like in economics, they also attract criticism at
times. Clark Glymour discusses tests of general relativity, where proponents of Einstein
used nearly identical arguments as Lucas (1980) does. The rival theories to Einstein's

'saved the phenomena only by employing an array of arbitrary parameters that had

11 Airy could not explain the Faraday effect, he only could give a good description
of what happened. It was Lorentz who provided a theoretical explanation in terms of
electron theory. Cartwright (1983, p.2) calls Airy's analysis a phenomenological
law, and Lorentz's explanation a theoretical law.
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to be fitted to the observations. Eddington, barely conceding his contempt,
objected against ether theories of the perihelion advance and gravitational
deflection that they were not 'on the same footing' with a theory that generated
these phenomena without any arbitrary parameters' (Glymour, cited in Rosenkrantz,
1983, p. 81).

Hence, not only economists invoke free parameters, but also scientists in more
respectable disciplines. Sometimes with success, sometimes, free parameters can be
discarded. If this is standard practice in physics, then we may wonder why adding free
parameters in economics should be forbidden at any price. In economics (as in other
sciences), ad hoc moves may be inevitable. This can be illustrated with research that is
belongs to Lucas' research programme itself: new-classical macroeconomics (see below).
Before doing so, I will sketch how simplicity, combining evidence and ad hoc inference
can be treated in a Bayesian scheme of inference.

Assume that P(HlD), the probability of hypothesis H in the light of data D, has been
derived using Bayes' theorem. The problem is, how to analyze an auxiliary hypothesis, A,

(which may occasion a 'free variable'). The model with the old hypothesis H is nested in
the new model, comprising Hand A. On the one hand, the extra variable improves (does not
reduce) the fit of the model, but on the other hand, the model may lose cohesion (i.e.,
the auxiliary hypothesis is not heuristically related to H). This can easily be shown by
udpating the probabilty of H, augmented with A:

P(D IH,A)· P(H,A)
P(H,AID) = .

P(D)
(8.24)

The numerator can be rewritten as P(D IH,A)· peA IH)· P(H). Hence, the odds ratio of the
augmented model versus the old one is: 12

OR = P(DlH,A).P(AIH)
P(DIH)

(8.25)

The fraction in this expression is greater than (or equal to) one (as the embedding model
cannot fit worse than the original model), while peA IH) is less than (or equal to) one.
This term is smaller the more ad hoc the auxiliary hypothesis is, in light of H. Usually,
the explicit calculations will not be made in practical inference. I have never seen a
number indicating the credibility of Phillips-curve dynamics, A, in light of a long run
equilibrium model, H, for example. But if parameters of Phillips curve mechanisms that
are incorporated in synthesis models are very different in different contexts (of
location and time, e.g. US and UK. data, pre- or post 1973), then this can be regarded as
evidence that peA IH) is low. Lucas clearly entertains such a low prior estimate of

12 I do not write posterior odds ratio, as the same old data are used in the update.
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peA IH). This dominates the better fit of the synthesis model in his estimate of OR.
Invoking additional sets of data (other countries, other time spans) may help to persuade
other researchers that Lucas' prior subjective judgement of the impact of peA IH) is
supported by the data.

4. An example in detail: testing the Natural Rate Hypothesis

4.1 Modelling unexpected inflation

- In this section, I will consider the case study of testing the Natural Rate Property,
that only unanticipated money shocks will have real effects (see e.g. Lucas, 1972). It is
at odds with the Keynesian view, where anticipated money shocks may have real
repercussions. Initial efforts to test the new-classical assertions in their own right
were made by Lucas (1973) and Barro (1977). I will concentrate on the latter, in
particular because Barro (1977) has been interpreted as a critical test for the new-
classical propositions:

'some statistical tests confirmed the underlying hypothesis that actual money
growth was irrelevant for unemployment, given the values of unanticipated money
growth.' Barro (1977, p. 114)

In a review essay, McCallum concurs and argues that Barro' s results 'are strikingly
favorable to the neutrality proposition: current and lagged monetary innovations are
highly significant while anticipated components of mt [i.e. money] provide no incremental
explanatory power', and Barro's results are 'quite impressive' (McCallum, 1979, p. 290).
Barro's conclusion did not remain unchallenged, though. In particular, Pesaran (1982)
satisfied a methodologist's dream, by testing a model against a meaningful alternative.
This alternative is a rather simple Keynesian unemployment equation. Pesaran's test
result is not as strikingly favourable to the new-classical propositions as Barro's, but
the discussion continued (see e.g. Pesaran, 1982; Rush and Waldo, 1988; Poirier, 1991;
McAleer and McKenzie, 1991, and references cited in the latter paper).13

A second reason for taking Barro's paper as a case study is his extraordinary clarity
and honesty with regard to his specification search. This makes a direct evaluation of

13 Pesaran's critique was intended as a challenge of Barro's test result. Since 1982, the
emphasis of the papers following Pesaran (1982) changed from an interest in testing
theories, to an interest in testing econometric methods. The unanticipated money model of
business cycles has lost much of its appeal in the meantime (see Laidler, 1990).
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the effectiveness of Lucas' Principle straightforward.

4.1.1 Barro's model
Following the notation of Pesaran (1987), the new-classical model for the

determination of output, y, can be written as a combination of a Lucas (1972) supply
t

curve and an aggregate demand function. Similar to Lucas (1973), deviations of output

from its natural rate, y, depend upon earlier deviations, unexpected price shocks, P -
t t

[(ptlat_I)' and a disturbance, ety:

m

Yt - Yt= l>\(Yt-;- Y ) + '3"( Pt - [(ptIOt_I)) + ety'
;=1

(8.26)

Aggregate demand may be based upon an IS-LM framework or, alternatively, a Fisher
quantity equation (Lucas, 1973, lets aggregate demand, Y + P, depend on a shift
parameter, x):

Yt + Pt = vt + mt ' (8.27)

where v is the velocity of
t

exogenous and known at time t-l. Markets always clear,
aggregate demand at any instance of time.

If money and velocity can be predicted by past money and past deviations of output

money. It is assumed that the natural level of output, Y, is
t

hence aggregate supply equals

from its natural level, - - thenYt = Yt - Yt '

b

m La;mt_; + L b- + et ;Yt-; tm

;=1 i=1
and

d

v Lc;mt_i + L as.. + e
t 1 t-I tv

i=1 ;=1

(8.28)

(8.29)

Substituting (8.28) and (8.29) into (8.27) and subsequently into (8.26) gives the
following reduced form output equation:

m

Y t
(8.30)

i=1

In view of Okun's Law, a similar equation can be obtained for the deviation of
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unemployment, u, from its natural level U. This deviation u then depends upon its
I I I

history, unanticipated price shocks and a disturbance. Unanticipated price shocks depend
on past money and past unemployment (if Okun's law holds perfectly, then there is no
difference in predictive power of expectations based upon past output or past
unemployment). Hence the mirror equation to (8.30) is:

m

U
I

L (\ IiI.j + (1+(3)"'f3(e
m1

+ e
t
) + (1+f3r1e

tu
·

j=l

(8.31)

I will concentrate on this equation. First, it should be noted that for an empirical
investigation, an indicator for 'natural unemployment' is needed. This variable is not
directly observable. Barro (1977) chooses to use a few supply side or institutional
variables as proxies: military conscription and a minimum wage rate indicator. Barro
(1977, footnote 13, p. 107) also mentions unemployment compensation which appears to be
more relevant than the minimum wage rate. However, social security is not used for the
empirical investigation of the Barro (1977) paper. The footnote mentioned above suggests
that this finding came too late for including it in his paper. The follow-ups do not use
unemployment compensation either.

The unemployment variable itself is obtained by a logistic transformation of
unemployment numbers (this restricts the variable to the [0,1] interval; other
transformations could have achieved the same goal but it is not reported whether results
are sensitive to such transformations). The unemployment equation considered by Barro
differs from the theoretical one for more reasons-not only because unobservables have to

be proxied. A crucial simplification made by Barro is to delete lagged unemployment from
the unemployment equation (this decision leads directly to his favourable test results).
Another simplification is to delete unexpected changes in velocity. Hence, e is set

tv

equal to zero.
The next deviation from the theoretical model is that, rather than to use changes in

the level of money, Barro uses changes in the growth rate of money and inserts
unanticipated changes of money growth in the unemployment equation.

The money growth equation uses past money growth, the fiscal stance (the deviation of
federal expenditure from its normal level) and lagged unemployment (to capture counter
cyclical monetary policy or, alternatively, optimal seigniorage policy).

In short, Barro estimates the following three equations model:

U
I

a + a e + a e + a e + a mil + a minw + e .o , drn.t 2 drn.t-l 3 dm,t-2 4 t 5 I u,I'
(8,32)

lim
I

(8.33)
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and
where g

I
(8.34)

Glossary

u
mil
minw

log (unemployment rate I (l-unemployment rate))
military conscription = military personnel/male population aged 15-44
minimum wage impact = (minimum wage / private non farm wage rate)- proportion of
covered employment
log(money, Ml)
log(real federal expenditure)
set to 0.2 upon empirical experimentation

m
g
{3

4.1.2 Contenders
Barro's study has generated an avalanche of critical or supportive papers (see

McAleer and McKenzie, 1991, and the references cited therein). The most important one is
Pesaran (1982), who criticizes Barro for not confronting his model with a 'genuine'
alternative. To solve the lacuna, Pesaran formulates a Keynesian contender, applies non-
nested test procedures and rejects the Barro model against the Keynesian alternative. Not
surprisingly, this is not the end of the debate. Rush and Waldo (1988) propose an
improved new-classical model and Pesaran (1988) responds with an improved Keynesian
model. Both sides won some battles, but the war of non-nested tests remained undecided
(compare Lakatos, 1978, p. 71, on scientific battles and wars in his methodology of
scientific research programmes). This is not to say that empirical research was
ineffective. The verdict of a leading commentator is that real business cycle theories
are not able to provide a satisfactory description of empirical phenomena (McCallum,
1992). However, the verdict is not based on one specific test of a model against a rival.

Real wars also played their role in the elaboration of the rival models. The
(improved) Keynesian model in Pesaran (1988) is a single unemployment equation:

U ko + k mil + k u + k am + k am + k zm + k6t + k war
I 1 I 2 1·1 3 I 4 1·1 5 1-2 7 I

+ eUk•1 '
(8.35)

where war denotes a dummy variable measuring the intensities of three different wars.
This dummy is proposed by Rush and Waldo (1988) in order to improve the new-classical
model. Note that, contrary to Pesaran's (1982) original specification, there is no fiscal
variable in this unemployment equation. The only Keynesian feature of this equation is
that money matters, even if it can be anticipated.

The revised new-classical model uses the same fiscal stance equation and money growth
equation as Barro's original one. The war-dummy is used in the money prediction equation
(see Rush and Waldo 1988). The unemployment equation is either the same as Barro's
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original one (Rush and Waldo, 1988) or augmented with a trend variable and the fiscal
stance (McAleer and McKenzie, 1991). The trend and fiscal stance are clearly ad hoc.; as
they do not follow from the positive heuristic of the new-classical research programme.
The McAleer and McKenzie unemployment equation is:

u a + a e + a e + a e + a mil + a minw + a g +
I 0 1 drn.t 2 dm.r-I 3 dm.t-Z 4 I 5 I 6 1-1

at + e
7 unc.t

(8.36)

It is clear that unique representations of the rival theories do not exist. This is not
at all surprising: no one would claim that there is a one to one mapping from theory to

empirical model. The amount of specification uncertainty is remarkable, though. In
particular, even the new-classical strait-jacket is rather loose if it comes to the
specification of the dynamics of the model. The difference with neo-classical synthesis
models that use a Phillips curve specification is not very large.

Both new-classical and Keynesian investigators have to make choices for their
specification. The choices can be based upon the best fit using a variety of statistical
criteria, in combination with consistency with the relevant underlying theory.

If appraising rival theories is at stake, it is a bit odd to consider only one
representation of a theory when many others might be acceptable as well. Paraphrasing
Leamer (1978), it would not seem sensible to construct a price index number by means of
selecting only the highest price in a basket of goods. Other prices matter as well, the
index number should be a weighed average of the prices. If singular tests (possibly using
non-nested testing techniques, such as in Pesaran 1982) are not convincing, then one of
the reasons for a lack of credibility is the abundance of specification uncertainty in
the individual models. This suggests that a sensitivity analysis (a la Leamer) is
essential for convincing tests. The sensitivity analysis must be more comprehensive than
only applying extreme bounds analysis: the heuristic quality of the variables must be
part of the appraisal. In theory, this can be done with Bayesian techniques. In practice,
this will be a difficult task. Poirier (1991) is a first step into this direction.

4.2 Specification uncertainty in the new-classical model

Lucas (1980) claims that the hostility towards free parameters should be made a
Principle. The example used for his argument is ad hoc dynamics used in Phillips curve
mechanisms. In general, the principle applies to all kinds of dynamics without micro-
foundations, and other parameters that do not relate to tastes and technology. Barra's
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and subsequent papers provide a fine case study to investigate the effectiveness of
Lucas' Principle in the new-classical world. I will now list a number of more or less
arbitrary specification decisions that are made by Barro and others. This shows that ad
hoc decisions are an important ingredient to testing the new-classical models.

4.2.1 The dependent variables

First of all comes the choice of dependent variables, in casu money and unemployment.
The measurement of unemployment is not questioned in the paper (but it could have
been-the logistic transformation for example is not beyond discussion). Problems in
measuring natural unemployment are discussed in passing. The variable for money, the
essential ingredient in unexpected money shocks models of the economy, is not given a

priori. Alternative measures of money have been used: M2, and high powered money Ml. M1
performs better (Barra, 1977, footnote 18, p. 108). There is no clear micro-economic
reason for individuals to behave differently with respect to unexpected base money shocks
compared with M2 shocks. The empirical results do not really change if alternative money
measures are used, neither does the cohesion of the model. The best money measure from a
micro-foundations point of view is a Divisia based index, but this alternative is not
considered (it was not widely studied at the time of the publication of Barra's paper,
this has changed afterwards).

4.2.2 Independent variables: unlagged
Next comes the choice of explanatory variables. In the money equation, a variable

FED V, the deviation of real expenditure of the federal government from normal
expenditure, is included (Pesaran, 1982, claims that the expectation of the fiscal stance
should have been included, rather than the realized one). The uncertainty involved is
discussed in footnotes (footnote 2, p. 103, and footnote 5, p. 104). Barra uses an
exponentially declining distributed lag depending on f.3, where it turns out that the
choice of f.3 is not very important for the empirical results. This is an example of local
sensitivity analysis.

Apart from minimum wages, Barro also considers unemployment compensation as an
explanatory variable in the unemployment equation. This turns out to be significant, if
taxation is used as an indicator. The results are not published in the paper (footnote
13, p. 107). In follow-ups, social security benefits are not considered for improving the
fit of the model.

Instead, other variables are introduced. A war is one of them, the anticipation of
the ending of a war may change behaviour of individuals and is, therefore, not
necessarily at odds with the positive heuristics of the new-classical research programme.
The same cannot be said of the introduction of trends and a fiscal stance in the
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unemployment equation.

4.2.3 Lags
In the money equation, two lags of money are included:

'Presumably, these lagged dependent variables pick up any elements of serial
dependence or lagged adjustment that have not been captured by the other
independent variables' (Barro 1977, p. 104).

Lucas (1975) argues that this may result from information lags and an accelerator
mechanism. It is unclear how external 'independent' evidence could possibly (in-)
validate the empirical findings on these parameters. They are 'free', according to Lucas'
own definition. The cohesion of the model does certainly not improve, which makes them
also ad hoc; in Lakatos' sense.

Furthermore, lagged unemployment is included in the money growth equation to capture
counter-cyclical monetary policy. Barro (1977, footnote 7, p. 105) argues that in fact,
the deviation from long term (or natural) unemployment is to be preferred. This

suggestion is not empirically investigated.
In the money equation, Barro experiments with other explanatory variables. For

example, including a contemporaneous or lagged value of the federal. deficit ratio gives
insignificant results; including lagged inflation also gives only insignificant results

(Barro, 1977, footnote 4, p. 104) .
In the unemployment equation, a lag of the unemployment rate could have been included

but was neither necessary for improving the dynamic properties nor significant (Barro,

1977, p. 108).

4.2.4 Other sources of specification uncertainty
Above, a number of potentially free variables is presented. There are other sources

of inferential uncertainty, that may drive empirical results. One may think of the choice
of the sample period (start in 1941, 1946) and other estimation methods (recursive
prediction of money growth, 2-step technique). The properties of residuals are important
for appraising the result of empirical inference. One of Barro' s sensitivity analyses
relates to this point, as the error term in the money growth equation follows possibly a
first -order Markov process (Barro, 1977, p. 105). Allowing for this possibility does not
lead to significant differences. But if the dynamic structure. of the residuals of the
regression equations is under the discretion of the model-builder, than the model-builder

will come under fire of Lucas' Principle.
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4.3 Testing the Natural Rate Hypothesis

An analysis of the implications of free parameters for econometric inference can be
found in Leamer (1978), and was discussed in Chapter 6, Section 3.2.2. Without
sensitivity analysis, the introduction of free parameters drastically reduces the
credibility of a model. This minimizes the worth of a model for purposes of testing. An
extreme view can be found in Dijkstra (1991). Furthermore, for a convincing appraisal of
a theory, the possibility of external validation is of strong importance. 'Instant
testing', as it is called in philosophical writings, is not possible in econometrics.
Combining different pieces of evidence is the best we can achieve. In a review essay,
David Laidler is quite explicit about what the combined empirical investigations have to
say about the Natural Rate Hypothesis:

'New-classical analysis could be forced to fit the data generated by the U. S.
economy (... ) only by way of some extremely implausible subsidiary assumptions.'
(Laidler, 1990, p. 57).

Neither Barre's, nor subsequent empirical research, Laidler (1990, p. 57) writes, did
'enhance New-classical economics' claim to be taken seriously.'

According to Kim et at. (1994), the new-classical theory has been used to generate
'model particularities', some of those particularities could be confirmed. Testing the
NRH during the 'seventies, they argue, was like a confirmation game: confirmation of
particularities, not of the theory. There is no direct inference possible from a
'particularity test' via the empirical model to the theory, as the particularities are
not representative of the theoretical model (their point repeats the message of Klant,
1979, pp. 243-6, who makes a distinction between general and specific theories; Klant
bases his ideas on Papandreou, 1958). Kim et at. (1994) argue that the empirical tests of
the natural rate hypothesis have not resulted in changing beliefs in the underlying
theory. The interpretation of Laidler is very different, his references provide clear
support for his opinion. Although it is true that there is much specification
uncertainty, most empirical investigations are not very encouraging for adherents of the
new-classical view. The monetarist controversy, Laidler (1990, p. 62) argues, was about
theory and empirical evidence. The combined evidence pointed against the Natural Rate
Hypothesis. Evidence on specific theories or 'particularities' is well able to change
beliefs in the underlying general theory ,-if not Barro's, then still the profession's.
This is the case even though a logical falsification is not feasible.
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5. Summary

In this chapter, I investigated two rival approaches to testing (or comparing) rival
theories: the first, based on frequentist methods of inference, the second, based on
Bayesian inference. I asked, 'what can methodologists learn from econometricians?'
Clearly, there is no unique answer, although the different approaches to testing rival
theories that have been proposed in econometrics are all helpful in obtaining a better
insight in the practical and philosophical problems involved.

The goal of testing is not always clear: in many cases, one does not want to make a
choice between rival theories. In practice, most investigators will combine evidence
(formally, the alternative to three cheers for testing is three cheers for integrating).
Few scientists really are interested in acceptance or rejection. The frequentist
approaches to testing rival theories (comprehensive testing, Cox-testing and symmetric
testing) are primarily of interest for this specific group, although even here these
approaches show weaknesses. The first two approaches may lead to conflicting evidence if
the null and the alternative hypothesis are reversed. Symmetric testing is not very
powerful (a problem in the context of small samples). Finally, the Neyman-Pearson
philosophy underlying these test principles does not seem to be relevant in most cases of
economic inference (though one may just delete Neyman-Pearson rhetorics and keep only the
test statistic plus a conventional significance level).

Bayesian approaches to comparing rival theories (as comparing seems to be a more
appropriate term here than testing) fall into two (related) categories: the first, based
on the predictive densities, the second, a decision theoretic approach. The latter faces
some objections that it shares with methods based on the Neyman-Pearson philosophy, in
particular related to the question whether we are really interested in accepting and
rejecting theories. An advantage of Bayesian methods, in particular the posterior odds,
is that they allow for additional elements to goodness of fit. While goodness of fit and
a specific significance level are the basic ingredients to the frequentist approaches to
testing, we now also allow for subjective considerations (like prior odds), probability
propositions referring to hypotheses, and explicit considerations of parsimony. The
latter are a particular feature of so-called information criteria that can be derived
from Bayesian principles. The modified simplicity postulate, discussed in Chapter 6.4,
reappears in this context. Moreover, posterior odds do not compare hypotheses at their
maximum likelihood estimate, but average the likelihood which seems to be a better way of
comparing evidence-all the evidence.

The obvious problem with the Bayesian approach to comparing rival theories of
different dimension is that, in cases of absence of prior information, one cannot simply
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make use of Jeffreys' uninformative priors. One can make a virtue of necessity: in a case
like this, it pays to think better of the appropriate prior probability distributions.

Both approaches to testing rival theories were compared to some ideas popular in
philosophy of science. In particular, I gave some arguments to compare Bayesian learning
with Lakatos' notion of progress. Furthermore, I illustrated how to deal with ad hoc
auxiliary hypotheses in a Bayesian framework. In both cases, the Bayesian approach is
illuminating. On the other hand, the alleged relation between 'encompassing' and
Popperian-Lakatosian views on scientific inference were criticized. It seems that what is
sensible in Lakatos' philosophy of science can be well formulated in Bayesian terms
(which, of course, does not imply that Lakatos is a Bayesian-far from that).

Testing rival theories is mainly of academic interest. Comparing 'satisfactory
approximations' to empirical data seems to be more relevant. One element in such a
comparison is to consider the individual merits of rival models (by means of validity
testing and sensitivity analysis). The other element in appraising rival models is to
formulate these models such that they make specific claims with reference to new data,
independent evidence. This is the idea behind Lucas' principle, and Friedman's earlier
complaints about confusing specification searches with statistical tests. In the
empirical illustration that concludes this chapter, I showed that formulating models such
that this independent evidence can be readily invoked for further inference is hard. This
may be a reason why progress in econometric inference goes slowly. It does not imply that
there is no progress at all.
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TRUTH



Chapter 9

THE REFLEX OF COGNITION

Knowledge is more a matter of learning than of the
exercise of absolute judgment. Learning requires
time, and in time the situation dealt with, as well
as the learner, undergoes change.
Frank H. Knight (1921, p. 243).

1. Introduction

Are economic regularities stable? Critics often invoke the instability of economic
relations as an argument against econometric inference. Keynes is a clear example, he
shares company with Robbins and 'Austrian' economists (as will be illustrated in Chapter
10.3.2). Instability is not denied by early econometricians. But the possibility of a
breakdown of economic regularities does not invalidate econometrics as a tool for
inference. Consider, for example, Koopmans' defense of Tinbergen's methods. He
acknowledges that Keynes has a point in his critique on Tinbergen. The econometric
business cycle models have no predictive value, as

'prevision is neither very desirable nor even quite conceivable. With the present
organization of society, according as prevision would initially have a limited
success, speculation would rush in to anticipate the predicted movements, thus
defeating the premises in which the prediction was based and possibly aggravating
the fluctuations.' (Koopmans, 1941, p. 180)

The inductive aim of econometrics is limited by the possibility of self-fulfilling
prophecies. Koopmans does not elaborate this point. He thinks that econometrics still is
very useful, but for (counterfactual) policy analysis: how would the business cycle have
looked like, if certain measures had been taken within the context of the sample period.
Apparently, this analysis is fruitful (Koopmans claims), and for some unstated reason,
these lessons from the past do have inductive validity for the future. In Section 2 of
this chapter, I will make an effort to analyze the effect of instability on inference, in
particular, if instability results from feedback of knowledge to behaviour.

Popper discusses this issue in his Poverty of Historicism as the Oedipus Effect. It

is:

'the influence of the prediction upon the predicted event (or, more generally,
[for] the influence of an item of information upon the situation to which the
information refers), whether this influence tends to bring about the predicted
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event, or whether it tends to prevent it.' (Popper 1957, p. 13; see also Popper,
1948)

As Koopmans indicates, the Oedipus effect is important in economics, but it has attracted
relatively little attention until the emergence of rational expectations in economic
theory (think, for example, of speculative bubbles). But even today, the implications of
the Oedipus effect for a theory of probabilistic inference have been ignored. Popper does
not investigate the consequences for inference, neither does Koopmans or any
contemporaneous econometrician (Bowden, 1989, being a remarkable exception). 1

The fate of Oedipus is well known.2 Less known is how Apollo's Oracle at Delphi
worked. The Oracle was the antique version of a random number generator, created for
making decisions under uncertainty. When Oedipus consulted the mantis (prophet) in
Delphi, he opted for the expensive way (by sacrificing a goat and paying a fee, the
pelanos). The more common method to obtain oracular advise was to pay a small fee, and to
phrase a question that could be answered by 'yes' or 'no'. The Pythia, an elder woman
through whom the Oracle was thought to speak, had a plate with black and white beans from
which one bean was drawn. This lot determined the answer to the question (see Morrison,
1981, pp. 99-100).

The Oedipus story (which is further analyzed in section 2) has yet another side.
After learning that he was the son of Jocaste, Oedipus made a 'Gestalt switch'. As a
result, he re-interpreted his own history. Section 3 analyzes the effects of surprise on
probabilistic inference. Section 4 summarizes the chapter.

2. Reflexivity

The antique plate with beans is the precursor of the modem urn with balls. The metaphor
of random drawings from a stable distribution is the core of the frequency theory of
probability. 'L'urne que nous interrogeons, c'est la nature',3 declared Quetelet (quoted
in Keynes, 1921, p. 468). Keynes worried about the homogeneity of the 'urn', without

1 Pesaran (1987, p. 1) touches on this issue but does not pursue it any further.
2 Laius was warned that his and Jocaste's son would kill him. The baby Oedipus was
crippled and brought to the mountains where he was expected to die. Instead, he was found
by a shepherd and brought to Corinth, where he was brought up as the son of king Polybus.
Because of the minimal resemblance, Oedipus went to Delphi for reassurance. The Oracle
told him that he would kill his father and marry his mother. Oedipus, in order to prevent
this, decided not to return to Corinth but travel to Thebus. On the road, he killed his
father. In Thebus, he married his mother, Jocaste.
3 The urn we examine is nature.
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making explicit reference to the undermining effect of self-fulfilling prophecies on the
foundations of (frequentist) inference. The purpose of this section is to make the
problem explicit and to investigate the consequences for a theory of inference. I will
discuss this problem under the heading of 'reflexivity'. The theory of reflexivity gives
arguments in support of Keynes' objections to the urn model.

2.1 Preliminaries

2.1.1 A definition
Oedipus' experience can be translated in a probabilistic framework by representing

the event that Oedipus will kill his father and marry his mother by E, and the prediction
(by the oracle) that this will happen by Pred(E). A similar event in economics might be
that E denotes the occurrence of a Wall Street crash, and Pred(E) the prediction of such
a crash. The Oedipus Effect gives:

peE) *' P(EI Pred(E». (9.1)

The problem here is that event E is not independent of the prediction of event E. In
traditional statistics, such independence is always assumed. For example, P(heads)
P(heads Imy prediction that heads tum up). In this sense, the urn model of frequentist
probability theory is objective: outcomes are independent of beliefs. In economics,
outcomes are very often not independent of beliefs. The interesting case emerges if
beliefs are based on probabilistic inference.

Compare (9.1) with the Bayesian predictive probability density function of future
observations, YF, given observed data Y and a model ,M (see also Chapter 8.2.4):

(9.2)

which can be factorized as

fey Iy;,M) = If(Y I e,y;,M)f(e Iy;,M)de,
F F

(9.3)

where the first tern on the right hand side is the conditional predictive pdf for YF and
the second term the posterior pdf for s given observations y. The argument of this
section can be stated as follows. Standard probabilistic inference assumes that knowledge
about the predictive pdf, fly Iy;,M), will not affect outcomes YF themselves. In

F

economics, though, such knowledge may affect the outcomes or even the expected values of
the outcomes. This results, if for example a feedback trader is conscious of the effect



Chapter 9. The reflex of cognition 275

that his inference and subsequent behaviour will have on actual stock prices. In this
case, the feedback trader should conclude that his model is mis-specified (by invalid
marginalizing), he should incorporate the feedback trading rules into the
parameterization of his model. The problem is whether it is possible to learn the valid
parameterization, i.e. what the 'true' model is and how to marginalize in order to obtain
the predictive pdf. As I argued in Chapters 6 and 8, the presumption of a 'true' model is
metaphysical. The way to learn is not by invoking (or searching for) truth a priori, but
by approximation, surprise and error correction.

An additional feedback mechanism (not directly affecting the observations as such)
may be that the prior that is needed to infer f(el y;M) is changed after knowledge of the
posterior of predictive density has been obtained. I do not refer to updating by means of
the observations, as captured in Bayes' theorem itself, but to prior revision in order to
do the Bayesian updating anew. Of course, this violates strict Bayesian rules, in
particular, coherence. It is a Bayesian sin, but one that is not uncommon. This problem
will be discussed separately under the heading of 'surprise in inference' (see section 4
below).

The problem that a prediction may affect its outcome is discussed by Grunberg and
Modigliani (1954), who argue that in a simple prediction game, where a prediction affects
the outcome, a correct prediction may obtain (their argument is based on the prove of
existence of a fixed point, using Brouwer's fixed point theorem). This is of little
reassurance, except if one also can prove that this outcome will obtain. This has been
analyzed in the more recent literature on learning in rational expectations models under
the heading of convergence to a rational expectations equilibrium. I will turn back to
this literature below.

The following definition of reflexivity may be useful.

Theory '!J(!f) is reflexive on its domain !f if knowledge of '!J(!f) affects the
probabilistic behaviour of r, F(!f).

!f may stand for society (but also more general the sample space of Chapter 2). Society !f

can be characterized by its laws of motion and a set of states, among which the state of
knowledge, J<, comprising theories and observations. The distinction between social
sciences and physics is clear. The laws of motion in physics (for example represented by
a Hamiltonian system) behave independently of our knowledge of them (by which I do not
claim that they must have an existence independent of human knowledge; see the discussion
on realism in the next chapter). This is not the case in economics (or, the social
sciences in general, including medicine where similar problems are known as the 'placebo
effect'). The state of knowledge depends on past experience, theories and cognitive
abilities. Reversely, our actions (and hence the data) are influenced by our state of
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knowledge. The sample space in the domain of social studies is reactive.
Society can, therefore, be described as !J'(1<.,.) and is explicitly cognizant. The

sample space, its econometric counterpart, is a function of cognition as well. An example
will make clear that this destroys the simple procedures of inference that can be applied
in the natural sciences (Penrose, 1989, discusses feedback and subjectivity in quantum
mechanics, but again they are different in kind from the kind of feedback process
discussed in this chapter).

Assume that from 'J, a theorem t is derived, which changes the state of knowledge 1<. to

1<.*. Hence, !J'(1<.,.) changes to !J'(1<.*,o).4 Whereas 'J is valid for !J'(1<.,o), it may be invalid

for !J'(1<.*, 0). Testing the theory based on data contained in !J' may lead to a change in the
credibility of 1<., by which !J' itself changes. This poses problems for inference in
economics, in particular for testing economic theories. The object of study can be
determined by the subject or investigator (Friedman, 1953 p. 5, refers to this problem,
but does not analyze the consequences for inference). Wiener (1961, pp. 162-3), who
investigates feedback processes in detail, argues that a high degree of isolation of the
phenomenon from the observer is a prerequisite to successes in 'precise science'. This
condition is hard to satisfy in the social sciences. The observations of the social
sciences are an artifact of our own creation. A society of natives studied by an
anthropologist will never be the same afterward. Investigations in the social sciences

'can never furnish us with a quantity of verifiable, significant information
which begins to compare with that which we have learned to expect in the natural
sciences. We cannot afford to neglect them; neither should we build exaggerated
expectations of their possibilities. There is much we must leave, whether we like
it or not, to the un-" scientific, " narrative method of the professional
historian' (Wiener, 1961, p. 164)

Perhaps we can do more than being 'narrative', or even go beyond cliometrics. I think
that "this aim is still feasible, despite the logical difficulties, but that we have found
an additional source of Humean skepticism. This source invalidates falsificationist
attempts to resolve it, but does not impose particular problems for probabilistic,
inductive, inference. The difference with what we have learned to expect from physics is
that degrees of belief in economic propositions are plagued by wider margins of

uncertainty.

2. 1.2 'Reflexivity' in logic and the theory of choice
For sake of clarity, I will briefly compare the inferential notion of reflexivity

4 Deduction of a particular theorem from a known theory adds to the explicit state of
knowledge. Implicit knowledge of potentially derivable theorems does not belong to the
state of empirical knowledge.
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with the use of this word in set theory, which is used in logic and the theory of
rational choice. A relation R on a set S is a set of ordered pairs of elements of S. An
example is of such a relation is 'as expensive as' which may hold for the ordered pair
(a,b). 'R is said to be reflexive if and only if for any element a E S, it is the case
that 'Raa (sometimes, the notation aRa is used). Hence, the exemplified relation 'as
expensive as' is reflexive, since an apple is as expensive as itself. A relation is
irreflexive iff there is no element a E S for which 'Raa holds. Hence, the relation 'is
more expensive than' is irreflexive. Reflexivity in the theory of inference is a feedback
property, which is clearly different from the use of this word in set theory.

2.1.3 Self-reference
The word reflexive is used in a broader sense in epistemology and set theory. It is

often identified with self-reference. An example of a self-referential (and self-
destructive) sentence is the paradox of Epimenides the Cretan, who stated that 'all
Cretans are liars'. Another example is the following one. 'Not one sentence in this
thesis is true'. Yet another example is the riddle of the barber, known as Russell's
paradox. The barber of Alcala is said to shave all men, except those who shave
themselves. This riddle is a reductio ad absurdum proof that such a barber does not
exist, and reveals a problem in set theory. 5 Self-referring sentences like these have
been widely discussed among philosophers. Logicians like Alfred Tarski have tried to get
around such paradoxes by replacing the concept of falsity by provability. The
incompleteness theorems of Godel, mentioned in Chapter 4.4.5, are the mathematical
relatives of these puzzles. The examples of self reference presented here are not on the
same footing as the more specific kind of reflexivity that I am discussing here.
Russell's paradox did not change the behaviour of barbers. The closest this kind of self
reference comes to my notion of reflexivity, is a sentence in Hofstadter (1985, p. 13),
that reads:

, .siht ekil ti gnidaer eb d 'uoy ,werbeH ni erew ecnetnes siht fI' .
Self reference has attracted the attention of economic theorists, in particular in

game theory and in rational expectations economics with learning, where one may not be
able to decide whether a subject's forecast is a rational expectations forecast (Spear,
1989, see also below).

An example in game theory is the assumption that players know what they know.
Rubinstein (1990) discusses cases where this condition is not satisfied. These are
situations of imperfect knowledge. A theory of bounded rationality is needed for its

5 Formally, the paradox can be stated as (3X)«XEX):; (XEX». Russell and Whitehead
propose to solve the paradox by the theory of types. See Quine (1953, p. 90 and pp. 130-
138) for further discussion.
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analysis. One question is whether the condition that 'I do not know X' implies 'I know
that I do not know X'. Another question is whether common knowledge is possible. By this
is meant the condition that the fact that 'I know X' is known by the other player, which
is known by me, ad infinitum. The common knowledge condition imposes a problem for a
theory of inference, although not particularly for econometricians.

2.1.4 Inference
One of the basic dogmas of logical empmcism is the dualism between reason and

experience. On the one hand, there are scientific hypotheses, H, on the other hand, there
are data, D, presented in some observation language. Inference deals (in the
probabilistic sense) with deriving probability statements of the kind P(HlD). If,
however, this dualism breaks down, the standard treatment of probabilistic inference
should be reconsidered. This has devastating implications for the validity of frequency
concepts to those cases where the dualism breaks down, but Bayesian (cognitive)
probability may survive. Von Mises' claim that the law of large numbers is empirically
verifiable (or can be confirmed by experience), giving probability an objective status,
is invalidated if the dualism falls apart. Probabilistic propositions become entirely
relative, 'truth' becomes meaningless. The key problem is to find the proper context of
inference. This context is Savage's small world.

Consider a society, !f. Many characteristics of this society are not relevant for a
particular problem of inference. Hence the domain for inference is restricted to a
'satisfactory small world' or microcosm, !f m- This microcosm is characterized by a set of
states, laws of motion and knowledge. By a creative act, a new economic theory 'J is
formulated. Assume for sake of clarity that this theory is either empirically adequate
given a set of data ('true', if one desires) or inadequate ('false'). Subsequently,
either affirmative or negative new evidence can be found. Then four situations can be
distinguished, in addition to the familiar cases without feedback.

Table 1.

data
model

no feedback self-supporting self undermining
feedback feedback

adequate
inadequate

I
II

III
V

IV
VI

Cases I and II are the traditional situations discussed in the literature on inference.
There is no reflexivity: the theory does not alter the character of its domain. Some of
the inferential problems have been discussed in Chapters 3 and 4 above, others will be
discussed below. Inference in cases I and II is already far from trivial. Feedback makes
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the inferential problem even more complicated.
Let us take a closer look at the situations with feedback. Case III and VI are not

particularly worrying. If the theory is empirically adequate, and furthermore generates
its own supporting evidence, then the learning process of a Bayesian goes into the right
direction. This may be called a situation of scientific growth. In case VI, the
inadequate theory causes its own fall. Cases III and VI enforce a view of science as a
sequence of 'conjectures and refutations', with gradual scientific progress.

The troublesome cases are IV and V. What should one think if a theory, initially
adequate, does not apply any longer to a domain which has taken notice of the theory
(case IV)? This may be called a scientific trap. And, what are the methodological
consequences of sunspot equilibria (an example of Case V)? The fact that, in the social
sciences, such situations are logically possible, makes the foundation of inference in
the social sciences different from the natural sciences. Whether these situations are
likely or not, there is a fundamental distinction between inference in a reflexive
context, and inference in non-reflexive situations.

Reflexivity gives a new argument against the possibility of certifying the truth of a
theory. Empirical science is conjectural. 6 Reflexivity undermines the idea of stable,
independent (or even mechanistic) processes. In the social sciences, 'the' data
generating process does not exist. Long runs of observations under essentially identical
circumstances are rarely available in the social sciences. Small sample theory is not the
solution to this particular problem. Wiener (1961) feels that these problems make
statistical inference a difficult task. In particular, small sample theory

'does not inspire me with any confidence unless it is applied by a statrstician
by whom the main elements of the dynamics of the situation are either explicitly
known or implicitly felt.' (Wiener, 1961, p. 25)

Stressing the importance of reflexivity may lead to the conclusion that econometric
inference becomes completely subjective. The impression obtained from studying on
empirical macro-econometrics warrants such a skeptical feeling. Before providing some
reassurance against complete subjectivism (section 5), I will tum to some examples.

2.2 Examples

2.2.1 The stock market: cases III and V
An obvious example of reflexivity is the disturbing effect that a stock market

6 Unconditional existential statements ('There exists a sea-serpent') are irrefutable.
According to Popper (1963, p. 257), such statements are not scientific theories.
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prediction, based on an insight of market inefficiencies, may have on future stock market
outcomes. As soon as a clever person finds out that an inefficiency does exist, he will
start to arbitrage and the inefficiency disappears. Inference annihilates itself.

But the stock market can also yield self-fulfilling prophecies-and they have been
widely discussed in economics, as speculative bubbles. If an influential stock analist
advices its clients to sell, this may trigger a crash even if the advice is out of the
blue.

2.2.2 Keynesian economics: case IV
The rise of Keynesianism in the mainstream of economic thought during the 'fifties

may have had a stabilizing effect on the business cycle, even if Keynes was wrong (as
Friedman, for example, argued, by saying that the Keynesian consumption function was
empirically inadequate, i.e. was not an adequate represenation of empirical
observations). This success of Keynesianism may be due to sheer expectations on behalf of
investors that the government would stabilize the economy (Bleaney, 1985, p. 128). If
economic growth fell back, investors expected countercyclical policy and, therefore, did
not adjust investments downwards. As a result of these expectations, fluctuations (so
goes the argument) were not as wild as during the interwar period. The stable economic
environment during the 'golden years' of economic growth reduced the need for stabilizing
policy: stability was the result of self-fulfilling expectations. Similarly, a credible
announcement of exchange rate stabilization policy may lead to a decrease in the
variation of exchange rates, without further need to implement the policy by means of
actual interventions.

2.2.3 The Phillips Curve: case V
There are different interpretations of the feedback effect of economic policy based

on the Phillips Curve regularity. 7 When the Phillips curve was found, it did apply as a
stable regularity-it was empirically adequate. Once it was observed, it broke down.

The breakdown of the Phillips curve might be the result of its discovery and attempts
(by governments) to exploit it for economic policy, in particular the stabilization of
the business cycle. This phenomenon has been labeled 'Goodhart's Law', after Charles
Goodhart (1981) who argues that any economic regularity that has been found will break
down as soon as policy makers begin to act as if this regularity is reliable. In this

7 The currently popular version looks like a relation between inflation (n), expected
inflation (rre), and the output gap, i.e. rr = rre + f(Y.1-Y*)/Y*. When Phillips
investigated his empirical regularity, there was no role for expected inflation. With
hindsight, one might argue that his regularity is mis-specified-but not so for the data
he investigated! Expectations started to matter once the Phillips curve was exploited for
policy purposes.
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sense, Phillips-curve Keynesianism may have been a self-denying prophecy.

2.2.4 Verelendung: case VI
An example of a wrong theory that invokes self-denying feedback might be the Marxist

Verelendung theory which predicts a revolution. It has repeatedly been argued that
Verelendung (like other Marxist tenets, such as the law of the falling profit rate) was
empirically inadequate, even for nineteenth century data. The fear that there was a grain
of truth in the theory (fear of revolution, reaUy) still may have helped to dig its
grave. As a response to the prediction of revolution, bourgeois parties were willing to

improve working conditions of the labour class, which in turn undermined the Verelendung
doctrine. Similar arguments can be given with respect to the greenhouse effect (global
warming).

Not only extreme examples like these are illustrations of case VI. Much economic
policy analysis has the explicit purpose of finding regularities that should be changed
by policy action. The first econometric model of macroeconomics, Tinbergen (1936),
formulates as an explicit aim to estimate a model and, then, to direct policy to change
the parameters of the model (exogenous policy variables were introduced later).

1.2. 5 Neoclassical economics
Perhaps the most general case of reflexivity is the rationality principle that

underlies neoclassical economic theory. Originally, this may have been a bad
characterization of actual behaviour, having more normative than positive value. However,
the more people have become familiar with it, the more actual behaviour starts to
resemble the calculating individual modelled by the neoclassical economist. In this
sense, neoclassical economics shapes its own domain.

2.3 Reflexivity and inference

In Chapter 3, I discussed the frequency interpretations of probability. The theory of
Von Mises provides some of the best foundations considered. In addition to the familiar
objections to the frequentist interpretations, I will now discuss the probabilistic
consequences of reflexive samples spaces. First, by illustrating the consequences of
reflexive sample spaces for the frequency approach, and subsequently by considering some
implications of reflexivity in an explicitly probabilistic economic model.

2.3.1 A 'reflexion' on the convergence condition
In Chapter 3, I argued that-despite its problems-the best foundations for a
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frequentist theory of probability are Von Mises'. His relative frequency concept is based
upon the collective, which is an idealization using two asymptotic concepts: the
convergence condition and the randomness condition. Reflexivity strikes at the heart of
the convergence condition, and also undermines the randomness condition (which relates to
convergence within subsets). Hence, consider the convergence condition. This states that,
if the number of occurrences of an event with characteristic c is denoted by nc' and the
number of occurrences of all events by n, then the limiting frequency or probability of
occurrence of event c is

lim = Pc . (9.4)

where Pc is called the probability of event c. In Von Mises' frequency theory, Pc is like
an attractor. Now if this attractor Pc is intrinsically unstable, then the convergence
condition breaks down. Situations where repetitive events recur, and where the relative
frequency is believed to be stable, resemble Frank Knight's class of risk events. If,
however, the convergence condition is not satisfied, we enter his domain of pure
uncertainty. The frequency theory does not apply to such situations. This is the case in
particular cases in the social sciences. The occurrence of new realizations of events
with characteristic c depends on earlier occurrences, but also on the knowledge of the
realized frequency of events with characteristic c. As Bowden (1989, p. 258) notes, new
knowledge, such as the publication of an empirical econometric model, may come to
constitute 'a self-defeating exercise in economic history.'

If the conclusion is that there is no frequentist basis for inference in reflexive
sample spaces, this does not imply that we end up with extreme Pyrrhonism. It would be
the case if Popper's falsificationism were the only basis for scientific inference (as
reflexivity also undermines testability: crucial tests do not exist in the context of
reflexive sample spaces). But in the probabilistic approach to inference, it still is
possible to form a rational expectation. However, this expectation does not have to
satisfy 'convergence to truth' properties like the ones that are formulated in most of
the traditional discussions on probabilistic induction. This makes inference in the
social studies more difficult, but perhaps also more interesting, than in physics.

2.3.2 Least squares learning in rational expectations economics
I will now tum to a theoretical case of reflexivity, which deals with learning in

rational expectations models. It is related to so-called adaptive systems in control
theory. Consider a rational expectations model where agents make forecasts with
recursively updated least squares estimates of vector auto-regressions in which agents'
forecasts influence the laws of motion of the system (see Marcet and Sargent, 1988). This
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class of self-referential systems is popular in the recent literature on learning in
rational expectations models.f An advantage of the recursive structure is that this makes
the system, in principle, computable (which follows from the Church-Turing theorem).

The VAR can be described by introducing a vector of state variables, Z, obeying the
t

laws of motion,

(9.5)

where £t is a realization of a vector white noise process. The laws of motion l are based
on perceptions of agents i, i=l, ... ,n. These perceptions are denoted by Pi' In a system
with least squares learning rules, perceptions can be modelled as a function of last
period's perceptions, previous states of the system and the information available to the
agents, y, where

(9.6)

Hence, perceptions are given by:

(9.7)

As a result, the laws of motion are determined by perceptions,

(9.8)

In the literature on least squares learning, the properties of the estimators of the
perceptions are analyzed. If perceptions Pit converge to a rational expectations

•equilibrium, Pi' then the estimator is satisfactory. However, there is no guarantee for
such convergence (Marcet and Sargent, 1988; Frydman, 1983). Worse, Frydman (1983) proves
that in a general class of rational expectations models, it will be impossible for agents
in distinct markets to form consistent estimators of the parameters of the rational
expectations equilibrium forecasting function. Such a result was anticipated by Sargent
(1981, pp. 234-6). Bray and Savin (1986), on the other hand, show that in a model.of
Bayesian learning, where agents start with a mis-specified regression model with time
varying parameters, these agents may converge to the rational expectations solution ..
However, in the process of learning, the agents have to re-specify their model, which is
not consistent with the 'official' doctrines of either frequentism (where the axiom of
correct specification reigns) or Bayesianism (where one must be coherent). Bray and Savin

8 In 1981, Sargent was still convinced that "to build a learning mechanism into .rational
expectations models is not useful in suggesting practical econometric alternatives"
(Sargent, 1981, p. 235). The reason for this conviction was the idea that learning would
yield non-stationary time-varying parameters.
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remark that

'thus once agents embark on model revision they are more or less on uncharted
seas. This raises the question of how agents revise the model and whether they
will eventually get to rational expectations equilibrium, that safe harbor of
unbiased forecasts.' (Bray and Savin, 1986, p. 1154)

Their optimism that, eventually, the harbor will be found is not based on strong
analytical arguments. They might as well have concluded that the harbour is likely to be
missed, in which case a reflexive interpretation of probability would obtain. However,
Bray and Savin do not attempt to revise traditional interpretations of probabilistic
inference, but want to establish the possibility of convergence to a rational
expectations equilibnum.P

Spear (1989) introduces computability constraints into a rational expectations model
with learning.If This is an interesting innovation, as it is consistent with the argument
given in Chapters 3 and 5 above, that Bayesian inference starting from universal priors
must be boundedly rational. Spear assumes that a fixed point (a rational expectations
equilibrium) does exist.U In case of complete information, Spear shows that rational
agents can learn how forecasts functions are mapped into price functions in the limit
(time t-7<JJ).

However, if information about state variables is imperfect, Spear shows that learning
will not result in convergence to this rational expectations equilibrium (except by
extraordinary chance). Among discussants of learning in rational expectations models,
Spear is the only one who relates his results to statistical inference as such. He
observes that the limit result in case of perfect information is similar to inference
that depends on the law of large numbers (see Spear, 1989, pp. 899-900). In practice, one

9 Bray and Kreps (1987), in a model that assumes that agents learn using a correctly
specified model of the economy, show that least squares learning schemes are irrational
because, among others, they incorporate a prior which is not consistent with the law of
motion l(z).
10 Spear builds on Gold's theory of inductive learning, also presented in Li and Vitanyi
(1992). The computability constraints refer to the 'restriction' that forecast functions
must be computable (see Chapters 3 and 5 for further discussion of computability and
recursive functions). Spear's model restricts functions to recursive functions that can
be calculated by a Turing machine. Loosely speaking, the Church Turing thesis implies
that functions that cannot be calculated by a Turing machine cannot be calculated by a
human being (i.e. a rational agent in an economic model). Hence, the computability
constraint imposed is a very weak one.
11 The fixed point is one in the mapping of forecasts, 1/>0 E e, of future prices to
temporary equilibrium price functions, 1/>1 E ot>. Forecasts are recursive (i.e. computable)
functions of the state variables for the economy, S (a countable set). Full information
means that agents observe all state variables and prices at each point of time. In the
case of incomplete information, agents only observe signals that are correlated to the
state variables.
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never knows with certainty whether convergence has occurred, it is not possible to know
how close a certain estimate given a finite sample is to the 'true' parameter value.
Still, rational agents may rely on 'procedures'Ls that diminish the risk of making errors
if more data become available. Perhaps more interestingly, when information is not
perfect, the rational agent is very unlikely to identify the 'true' function that maps
forecast functions to price functions. There is not even a procedure that will point the
way to correct learning of the rational expectations equilibrium (there is no way of
reducing risk of making wrong decisions). The law of large numbers stops to be an analogy
to inductive learning. If agents use a method of incremental learning (like Bayesian
inference), and assuming that convergence occurs, it can be shown that this is not
convergence to a rational expectations equilibrium (i.e. the 'true' fixed point that is
analogous to the limiting point of convergence in Von Mises' frequentist theory of
probability). 13

2.3.3 Reflexivity and probabilistic inference
Convergence to rational expectations equilibrium is a meaningless notion if the

reflexivity of economics is taken seriously. The 'true' equilibrium, a fixed point or a
limit of a converging process, is a metaphysical concept, truth becomes a moving target.
This does not make the idea of a rational expectation, or more general, of probabilistic
inference, meaningless. There will always remain better and worse predictions, and there
are rational grounds not only for expecting that the sun will rise tomorrow, but also
that the best guess for tomorrow's stock prices will be their realization today. Clearly,
long term forecasts are less reliable than short term forecasts. This is not just the
result of reflexivity, although reflexivity is another source for uncertainty. This is so
in particular because well established regularities may break down as a result of
feedback.

Ragnar Frisch (1895-1973) was skeptical about the early efforts of econometricians
like Tinbergen to estimate structural models. Frisch doubted that the methods to estimate
such models could reveal the 'autonomous relations' of an economy. As an alternative, he
suggested to focus on the use of questionnaires, surveys and the like. This approach runs
against the same logical problem as the one he criticized: the context of surveys is a
reflexive sample space. Surveys may yield other problems, like selection bias. Some of
the problems involved are analyzed by Bowden (1989). One should accept that one never
knows for sure whether a regularity in economics belongs to the class of 'truly

12 In the sense of Simon, who argues that in cases of bounded rationality, rational agents
should device procedures that are likely to yield good results.
13 Spear (1989, section 4) shows that the question of when an incremental learning
procedure yields a rational expectations equilibrium is undecidable.
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autonomous relations'. This does not diminish the importance of econometric research, it
only is a warning that one should be careful not to forget about possible self-fulfilling
or self-denying effects of inference. One should allow oneself to be surprised. In such
cases, a model should be revised. The econometrician should go beyond coherency or the
axiom of correct specification, but start freshly with new specifications and priors
updated not only by Bayes' theorem, but by learning from error. This is the topic of

Section 3.

3. Surprise in inference

In Chapters 1 and 7, I discussed and criticized methodological falsificationism. Popper's
philosophy, to search actively for falsifications, was criticized. Instead, an inductive
probabilistic methodology is advocated. Still, this methodology has to deal with a number
of problems, one of them being how to deal with surprise. The invention of new ideas may
affect the formation of new data. Conversely, the data may cause a change of mind that is
not in line with the principle of conditioning that is based on Bayesian learning. There
has not been much research in this area, even though it may be the most important part of
learning from data. This section discusses two efforts to model surprise in inference,
and gives a generalization of these theories. I will start with the 'ideal' Bayesian
learning machine, that is characterized by logical omniscience.

3.1 Logical Omniscience

A problem for a perfect Bayesian is that she must be logically omniscient. Updating
(conditioning) presupposes a wide range of prior probabilities, on elasticities of
demand, the existence of flying saucers, their colour and their possible impact on
inflation in Albania with a three year time lag. A perfect Bayesian is a machine (like a
universal Turing machine), with unlimited memory storage capacity and is able to process
every new bit of information to generate an updated set of probabilities, that
constitutes the new state of knowledge. This perfect Bayesian is not vulnerable to Dutch
book (a bet with certain loss) made against her, hence she must be aware of all logical
and mathematical truths (see also Garber, 1983, p. 104). There is no time constraint in
information processing. Hence, for example, the perfect Bayesian knows the value of the
game of Chess, simply by executing Zermelo's algorithm. But is someone who fails to know
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this value irrational? Logical omniscience (and global coherence) defines perhaps divine
rationality, but not the cognitive rationality of econometricians and other human beings.

There is good reason to take the ideal of an inductive machine seriously-it is in
principle not much different from presupposing a utility maximizer in micro-economics.
The most general type of an inductive machine is the universal Turing machine. The
universal Turing machine may run into cycles of infinite regress because of the non-
decidability of certain problems (see Chapter 4.4.5). Hence, a theory of inference that
takes the limitations of the mind seriously must rely on a theory of bounded rationality.
This argument is strengthened by considerations of reflexivity.

If we also allow for imperfect memory, then the idealized version of the Bayesian
inference machine is even more remote from problems of practical interest.14 The imperfect
memory might be compared with a library, which is known to store a copy of Wittgenstein's
Tractatus, but not in its alphabetical place. Hence, although we do possess an
'objective' knowledge of the Tractatus, it is not available for practical purpose. There
is a cognitive limitation to inference.

Bayesianism reduces inference to mechanical applications of rules of conditioning and
marginalizing. The Bayesian inference machine is the twin of Laplace's 'vast
intelligence', better known as Laplace's demon, which (ironically) appears in his
Philosophical essay on Probabilities (we will have the chance to become more closely
acquinted with Laplace's demon in the next chapter). Laplace's demon is empirically
omniscient, the Bayesian demon is logically omniscient. She knows in advance how to
respond to new information. This fiction is untenable. In the words of John Kemeny,

'Few, if any modem philosophers still expect fool-proof rules for making
inductive inferences. Indeed, with the help of such rules we could acquire
infallible knowledge of the future, contrary to all our empiricist beliefs.'
(Kemeny, 1963, p. 711).

Laplace's demon did not survive the quantum revolution in physics. Similarly, the
Bayesian inference machine is set back by bounded rationality, Godel's incompleteness
theorem and by the possibility of reflexivity. There are no unique priors in most
interesting problems of inference, and convergence of posteriors to a stable limiting
distribution is not guaranteed in all circumstances. People make errors in inference,
errors which do not have to vanish by mere updating of priors if additional data become
available. Full coherency is demonish.

14 Jeffreys (1961, p. 123; see also p. 421) discusses imperfect memory, but suggests to
replace imperfect knowledge by complete ignorance and to use an uninformative prior for
such cases.
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3.2 Time indexed learning

The traditional view on probabilistic inference according to the Bayesian
interpretation starts from the definition of conditional probability, derives Bayes
Theorem, and then new evidence is processed by means of conditioning and marginalizing.
Let the hypothesis of interest be represented by H, initial evidence by E and other
evidence by F. The posterior probability of the hypothesis is updated with F again by
Bayes' theorem:

P(HlE,F)
P(E,FIH)P(H)

P(E,F)
(9.9)

If the interpretation of the evidence changes, by deeper thoughts about the problem for
example, then the traditional scheme of inference breaks down. In Poirier's (1987, 1991)
terminology, the window stops to be appropriate. Good (1988) suggests to use a time index
t in representing the steps of inference:

Pt(E,FI H)P,(H)

Pr(E,F)

PrCEIF,H)PrCF IH)PrCH)

Pr(E,F)

(9.10)

The changing time subscript denotes that, apart from traditional Bayesian updating, the
investigator also reconsiders the parametric framework or 'window'. The state of mind of
the investigator changes. The investigator also may be willing to reconsider the
likelihood:

(9.11)

In time indexed learning, Good (1988) argues, equations (9.10) and (9.11) cannot be used

simultaneously.
Although Good rightly points to the problem of learning and re-specification, I do

not think that his proposal of time indexed learning is very helpful. Another way to
formulate this cognitive and dynamic version of inference is to use the state of the mind
as an extraneous argument on which the investigator conditions probabilistic
propositions. Under bounded rationality, changes of mind do not obey the usual Bayesian
rules for updating priors. Thinking deeper about the same problem, with the same evidence
available, can lead to a radical change in probability assessments. This is commonly
accepted among Bayesians, for example by arguing that one should always reserve an
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'epsilon' of probability for undefined alternative hypotheses ('Cromwell's Rule'). again,
updating of this epsilon will not go along the lines of the traditional rules of Bayesian
inference. This alternative and the traditional view on learning can be represented in
two simple schemes:

Traditional Bayesian inference Cognitive Bayesian inference

prior prior

data cognition data

posterior intermedior

posterior

How exactly the prior is revised (instead of updated) is hard to say)5 The 'intermedior'
may consist of dianostic statistics, predictive statistics or other features that may be
used for re-specification. One effort to get more insight in this has been made by
Leamer, to whom I will turn now.

3.3 Planning, surprise and revision

One of the best efforts to reconcile cognitive restrictions with a theory of
inference has been made by Leamer (1989). I will first present his theory and relate it
to Savage's theory of inference, and then propose a minor change in the light of the
earlier discussion of reflexivity.

Leamer gives suggestions for a theory of inference that builds on similar notions as
Good's. He starts from a probability distribution for data YP depending on parameters of
interest s., and a vector of nuisance parameters <Pt. This is an idealization
corresponding to Savage's large world. The large world distribution is given by:

(9.12)

15 Note that cognrtive Bayesian inference is different from empirical Bayes, where the
data are used to specify the prior, given a specification.
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The prior probability distribution of the parameters of interest and the nuisance
parameters is conditioned on the 'state of the mind', St. Leamer acknowledges that this
prior distribution may be elicited with error. Although Leamer assumes that a 'true'
prior distribution does exist (even if it cannot be elicited), this assumption can (and
should, in my view) be relaxed without damaging his theory. The prior is:

(9.13)

where <I>( is an high (perhaps infinite) dimensional parameter space. The state of the mind
depends on past observations, but also on the 'mood' M( and the 'expertise' E( of an
investigator,

(9.14)

The mood depends on current observations and a white noise random variable,

(9.15)

Expertise finally is assumed to be a non-stationary process, depending on last period's
expertise, current data and another white noise random process:

(9.16)

The unusual (and not strictly Bayesian) implication of this is that the prior,
indirectly, also depends on current information. The interesting adjustment of the
traditional Bayesian learning model is the introduction of expertise (the mood variable
may be dropped without costs). Expertise, Leamer (1989, p. S12) argues, may change due to
thinking, and 'Thinking will often cause you to change your mind', as U. Good (1988, p.
388) writes. The non-stationarity of expertise results from a presumed perfect memory on
behalf of the expert: 'once a level of expertise is obtained there is no tendency to
return to the former level; indeed the process may be irreversible.' This suggests that
the investigator has perfect memory, which may not be the case. Memory failure may be
captured in the (white noise) error process. An important element of expertice is
recognition of error. Errors are not foreseen or expected and may change inference plans

of the investigator.
The Bayesian demon starts straight from Savage's large world and knows in advance how

to update his beliefs if new data arise. This is the standard fiction in statistics as
well: inference is planned and the researcher is pre-committed to the research plan which
is captured in explicit or implicit priors. The ideal response, planned ahead, is

(9.17)
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The mortal, real world researcher is unable to start from the large world. Cognitive
abilities are not sufficient for making the necessary grandiose plan, and moreover, the
logic of reflexivity and bounded rationality invalidates the possibility of such a plan.
Leamer argues that a real world researcher should plan how to respond to the data

- -
conditional on a small world state of mind, S; where S, is a state of mind for a
truncated parameter space. The plan is not binding, the actual response to data analysis,

'R
a

may diverge from the planned response, 'RP if something unexpected happens. The planned
response is

(9.18)

where 5t denotes the predicted state of mind given information at t-1. The actual
response corresponds to the planned response, unless the predicted state of mind diverges
excessively from the actual state of mind at period t:

if I5e5'rI < w(S),

otherwise.
(9.19)

Leamer calls w(S) the width of the plan. If this has a large value, then the original
plan has a high probability of being carried out. The smaller w(S), the more ad hoc the

research strategy will be. The term I5t-St I is a surprise index.
In Leamer's theory, 5t is the predicted state of mind. However, a cognitive able

researcher may rather have a desired state of mind in mind. For example, S may be a
vector of high z-values, Durbin Watson close to 2 and R2 equal to at least 0.90. This
researcher may also have the facility to edit his expertise, as many submitters of papers
do when they do not report all of the hundreds of regressions that have been tried before
the final satisfactory one has been found. Surprise may, therefore, also result from a
lack of wish fulfillment.

3.4 Reflexivity and surprise

Leamer's theory of inference, which might be called liberal Bayesianism, still starts
from a 'true' prior probability distribution given a state of the mind, i.e. j(f3,,<Pt lSI)'

This assumption is too strong. Complexity theory (see Chapter 4) suggest that such a true
prior probability distribution cannot generally be obtained: people are boundedly
rational. Moreover, reflexivity theory implies that even an initially 'true' prior may be
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re-specified if agents 'think'. This is not just updating the prior to a posterior by
means of new observations, but reconsidering the prior (or the hypothesis, as it could be
called, or, the theory) after one learns what the implications of data will be. In short,

j{f31'¢t I St) does not have to be equal to j{(3l'¢t ISt+ I)' Leamer's notation allows for this
change, the remainder of his liberalized Bayesian theory of inference can be maintained
without additional changes.

4. Summary

This chapter introduces a complication to inference that is specific to the social
sciences: reflexivity. Human behaviour may change if new knowledge is obtained. This
knowledge may even undermine empirical regularities that were valid until they were
discovered, or on the other hand generate self fulfilling propositions (like sunspot
equilibria in the rational expectations literature). Learning requires time, and in time
the situation dealt with, as well as the learner, undergoes change, as Frank Knight

observes (see the epigraph to this chapter).
Reflexivity undermines frequentist principles of inference, in particular the

convergence condition. According to Von Mises, this condition can be established by
empirical research: even if we do not actually posses of infinitely large samples, we
know after a while which series do converge, and which don't. In the social sciences,
there will always be more uncertainty on whether some relation really is stable and
remain so. If Von Mises' theory of probability were the only candidate for econometric
inference, then this would give rise to skepticism of Pyrrhonian magnitude. However, it
still is possible to form better or worse expectations. The goal of inference may be a
moving target, but this does not make it impossible to summarize empirical regularities
and even exploit them for inductive purposes. Bayesian inference does not need
convergence to a limit (known as 'truth').

Still, Bayesian inference in economics (in particular, in absence of experiments)
must be able to deal with re-specification, In practice, investigators who make use of
Bayesian methods do not stick dogmatically to initial priors and models. When and how to
reconsider a prior however is hard to say (if you would know beforehand, then this
element of knowledge would already be part of a specification). The only thing that can
be analyzed, it seems, is when 'surprise' occurs. If an inferred posterior distribution
does not even vaguely correspond to an expected posterior distribution, one may be led to
rethink a model. In Chapter 6.2.4, I argued that Bayesian inference may deal with this
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issue by comparing a conditional posterior distribution with a predictive distribution.
Nothing prevents one to look as well to a number of summary statistics (such as the DW,
or any other, statistic for serial correlation). The interpretation of such statistics is
not the standard frequentist one, as this is not of interest given unique data and
reflexive sample spaces. This does not reduce the utility of a number of test statistics,
as long as a researcher is able to formulate beforehand when a statistic surprises him
(or generates an uncomfortable feeling).



Chapter 10

AIMS OF ECONOMETRICS

If cause were non-existent everything would have
been produced by everything and at random.
Sextus Empiricus, Outlines of Pyrrhonism. Cited in
Van Fraassen (1989, p. 97).

1. Introduction

A standard characterization of econometrics IS to 'put empirical flesh and blood on
theoretical structures' (Johnston, 1984, p. 5), or 'the empirical determination of
economic laws.' (Theil, 1971, p. 1). Chow (1983, p. 1) again starts from economic theory
as the primary input to formulating a statistical model to explain the phenomena.
Econometric inference is not a prime source of induction but serves to estimate, test and
forecast. Since the days of Haavelmo (1944), econometrics nearly serves as an
afterthought. This is not how two founders of probability theory thought about
statistical inference. Both Keynes and Fisher claim that statistics has two aims:
inductive and descriptive. Keynes (1921, p. 359) writes that the theory of statistics has
two functions:

'The first function of the theory is purely descriptive. ( ... ) The second
function of the theory is inductive. It seeks to extend its description of
certain characteristics of observed events to the corresponding characteristics
of other events which have not been observed.'

The second function, Keynes argues, is the object of the theory of statistical inference.
Fisher (1925, e.g. p. 1, pp. 5-6) is devoted to the descriptive aim, a theory of
reduction serves this purpose. Fisher (1956) deals with the inductive aim. Jeffreys
(1961, p. ix) takes the descriptive aim for granted and emphasizes the inductive aim of
drawing inferences from observable data. Keynes, Fisher and Jeffreys all think of
probability as a kind of inductive logic that can be used to learn from experience. I
think these probability theorists state the aim of probability theory better than
econometricians state the aims of econometrics. Econometrics is not an afterthought to
economic theory, but serves as a tool for learning.

Description and induction can be given different extensions. Those extensions serve
valuable goals, it would be mistaken to single out one of them as crucial. In Chapter 1,
some of the aims of econometrics were briefly mentioned. It is now time to reconsider
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them and to see whether they are rivals. In Section 2, I will return to a debate in
philosophy of science, and give a re-appraisal of positivism. Subsequently, I will
discuss measurement (Section 3), causal inference (Section 4), prediction (Section 5) and
testing (Section 6). A summary is given in Section 7.

2. Positivism and realism

2.1 Maxims of positivism

What are 'the' aims of science? Whoever expects 'the' answer from philosophers of
science will be disappointed: there is no agreement on this issue. It is useful to
distinguish two views: positivism (related to empiricism, pragmatism and instrumentalism)
on the one hand, and realism on the other hand. Hacking (1983, p. 41) argues that the
following maxims characterize positivism:

i. Emphasis on verification, confirmation or falsification.
ii. Pro observation.
iii. Anti cause.
iv. Downplaying explanations.
v. Anti theoretical entities.

Not all positivists accept all tenets listed above. The first relates to the Wiener
Kreis-criterion of meaningfulness, but also to the Popperian demarcation criterion.
Popper does not support the other positivist maxims and, therefore, does not qualify as a
positivist (Hacking, 1983, p. 43). The second maxim summarizes the view that sensations
and experience generate empirical knowledge or rational belief. The third is Hume's, who
argues that there is no causality in nature, over and above the constancy with which
events of one kind are followed by events of another kind. The fourth maxim again is
related to Humean skepticism on causality. Newton's laws, so it is argued, are not
explanations other than expressions of regular occurrence of some phenomena (is
gravitation a helpful though metaphysical notion, or is it a real causal force? See
Newton, quoted in Van Fraassen, 1980, p. 94). The fifth point deals with the debate
between realists and anti-realists. I will make a detour on realism in the next section,
but it may be helpful to state my own beliefs first.

When I agreed with De Finetti, who writes 'probability does not exist' (see Chapter
4), and when I stated that 'the DGP does not exist' (Chapter 6), I implicitly endorsed
some of the positivist maxims. Interpreting the search for homogeneity as a specification
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search, serving the measurement of elasticities and approximation of demand equations,
instead of a search for 'truth', is a positivist interpretation (Chapter 7). Indeed, I
claim that econometrics belongs to the positivist tradition. I am not impressed by
Caldwell (1982), who argues that we are beyond positivism, or worse, the post-modernists,
like McCloskey (1985) who hold that it is all rhetorics. With Bentham, we should say,
'But enough of metaphor and declamation: it is not by such means that moral science is to
be improved' (Bentham, 1789, p. 2).

I share the positivist's interest in confirmation and falsification (see Chapters 7
and 8) and reject the rationalism or Cartesian doubt of someone like Frank Hahn. Hahn is
skeptical about econometric confirmation and relies on his ability to think. His cogito
cannot be better expressed than by Hahn (1992, p. 5) himself: 'It is not a question of
methodology whether Fisher or Hahn is right. It is plain that Hahn is.'

I also share in the emphasis on observation. In sections 3.2 and 5.1 below, I will
criticize Lionel Robbins and Austrian economists who think that observation is not all
that important. With respect to causality, I am (like Hendry, in Hendry et al. 1990, p.
184) a Humean: we observe conjunctions, we do not 'know' their deeper mechanism. Still,
it may be convenient to speak of causes, certainly if we have specific interventions in
mind (this is natural for economists, who are interested in policy). Econometrics should
not endorse a dogmatic positivist rejection of causality. A liberal approach is to assume
an instrumental interpretation of causality. Finally, I believe explanations serve a
purpose: they are useful to construct analogies which may improve theoretical
understanding. But, I do not view understanding and explanation as roads to truth: they
are tools, instruments, useful in policy analysis or intervention. Econometric models aim
at empirical adequacy and useful interpretations, not truth. As truth does not have an
objective existence in economics (a lesson from Chapter 9), I think it does not make
sense to take scientific realism as the philosophical starting point of economic
inference. Realism is not my specific interest, but I will discuss it briefly now.

2.2 Scientific Realism

Hacking (1983) notes that there are two versions of realism: realism about theories
(i.e. theories aim at the truth) and realism about entities (i.e. the objects described
in theories really exist). Positivists do not care about realism of either, Friedman

(1953) being a good example.
Feynman (1985) illustrates the problem of scientific realism by asking whether the

inside of a stone exists. No one has ever seen such an inside; anyone who tries, by
breaking the stone into two parts, only sees new outsides. Another example is an
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electron: do electrons exists or are they just models, inventions of the mind? Again
Feynman says that the latter is the case. Electrons are only indirectly perceivable. One
shouldn't take the concept of an electron, or a proton or another small invisible
particle, too seriously. These concepts may be useful to clarify our thoughts and even
manipulate events, but that doesn't mean they are to be taken as literally true
descriptions of real entities. They don't refer to a true state of nature, or true facts.
If different physicists mean different things when they speak of an electron, then this
electron is merely an image, an invention of the mind. As the 'constructive empiricist'
(updated positivist) Van Fraassen (1980, p. 214) asks rhetorically: 'Whose electron did
Milikan observe; Lorentz's, Rutherford's, Bohr's or Schrodinger's?' Like Feynman, Van
Fraassen thinks that one should not be a realist on concepts like electrons.

Economic counterparts of Milikan's electrons are not hard to think of. Money is an
example. In the form of a penny or a dime money is undoubtedly real. I am not concerned
with the question whether a dollar in my wallet is real (1 hope it is). But an aggregate,
like M1, is problematic. Anybody familiar with aggregation and index number theory knows
that M1 is a lousy proxy of the money stock, and not a real entity corresponding to the
theoretical entity 'money' occurring in a phrase like 'money causes income'. The latter
is a theoretical notion, a convenient fiction, which has no real existence outside the
context of a specific (and possibly false) theory.

Lawson, who supports realism, argues that realists hold that the object of research
exists independently of the inquiry of which it is an object. This is counter to the
argument on reflexivity (see Chapter 9). 'True' theories can be obtained, he argues, and
the objective world does exist (Lawson, 1987, p. 951). Lawson (1989), however, observes
that econometricians tend to be instrumentalists. Instead of wondering what might be
wrong with realism, he concludes that, because of their instrumentalist bias,
econometricians have never quite been able to counter Keynes' critique on econometrics.
But I fear that a realist econometrics would make econometrics less successful. Lawson
does not tell how such a research programme would look like, perhaps it would follow the
search for deep parameters, in the spirit of Hansen and Singleton (1983). Summers (1991)
criticizes this approach: it yields a 'scientific illusion'

Realism also bears on the question whether we invent or discover theories. Discovery
belongs to realism. In economics, inventions (constructions, in the terminology of Van
Fraassen, 1980, p. 5) rather than discoveries matter. 1 The difference is that inventions
are creations of our minds, not external realities. The price elasticity of demand for
doughnuts is not a real entity, existing outside the context of a specific economic
model. 1 concur with Van Fraassen (1980 p. 5), who argues that

1 K. Pearson (1911, p. 86) argues that the same is true in physics, e.g. Newton's law of
gravitation.
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'scientific activity is one of construction rather than discovery: construction
of models that must be adequate to the phenomena, and not discovery of truth
concerning the unobservable.'

A problem is how to define 'adequate'. Van Fraassen does not tell us. I think there is at
least a heuristic guide to adequacy: the MDL-principle (see Chapter 6). It combines a
number of the aims of inference, in particular descriptive and predictive performance.
The MDL-principle can also be invoked by those who emphasize other aims, such as finding
causal relations, or improving understanding. This is, because both aims can be viewed as
derivatives of descriptive and predictive performance.

2.3 Realism of assumptions

The debate on realism raged in economics during the late fifties and early sixties,
but the issues are not completely similar to those discussed above. In 1953, Milton
Friedman published a provoking Essay on Positive Economics, in which he denies the
relevance of realistic assumptions in economic theory. What counts, according Friedman,
is the predictive quality of a theory. Frazer and Boland (1983) reinterpret Friedman's
position as an instrumental kind of Popperianism. This seems a contradiction in terms,
given Popper's disapproval of instrumentalism. Friedman's position is a clearly
positivist one, the title of his essay is well chosen. Although Friedman recommends
testing of theories (by means of their predictions), this does not make him a Popperian
(after all, Popper has no monopoly rights on testing, and what he says about it, is not
relevant to economics).

3. Science is measurement

The best expression of the view that science is measurement is Kelvin's dictum, cited in
Jordan (1972, p. 33):

'When you can measure what you are speaking about and express it in numbers, you
know something about it, but when you cannot measure it, you cannot express it in
numbers, your knowledge is of a meagre and unsatisfactory kind.'

(see also Hacking, 1990, p. 61). Francis Galton and Karl Pearson advocate this principle
in the domain of biometrics and eugenetics. It definitely is a nineteenth century



Chapter 10. Aims of econometrics 299

principle (Kelvin lived from 1824 to 1907), but its popularity extends to the twentieth
century. Science aims at the classification of facts, Pearson claims (K. Pearson, 1911,
p. 6).2 Werner Heisenberg supports Kelvin's dictum (see Feynrnan, 1965, p. 164), and it is
hard to think of any econometrician who thinks that measurement does not matter. The
motto of the Cowles Commission leaves no doubts: 'science is measurement'v i Measurement
belongs to the positivist maxims, although few positivists would argue that measurement
is the ultimate goal of science.

The quest for measurement started with the search for 'natural constants'. The idea
of natural constants emerged only in the nineteenth century (when, for example,
experimental physicists started to measure Newton's constant of gravitation; see Hacking,
1990, p. 55). The natural constants of the nineteenth century extend to the constant of
society, such as birth rates, budget spending. An ambitious effort to list all relevant
constants that should be measured has been made by Charles Babbage (1792-1871) (see
Hacking, 1990, pp. 59-60).

3.1 From measurement to statistics

If Babbage would have known Marshall's concept of an elasticity, he would have added
a large number of elasticities to his list. Babbage and the Belgian statistician,
Quetelet, are good examples of those who liked measurement for the sake of measurement.f
Karl Pearson measured skulls, the early econometricians intended to measure consumer
behaviour. The first efforts to estimate consumer demand equations (see Chapter 6), due
to Henry L. Moore and Schultz, are the economists' extensions of the positivist research
programme. It is no surprise that Moore was a student of Karl Pearson, and Schultz was a
pupil of Moore (Stigler, 1954, 1962).

The rise of probability parallels the rise in the number of printed numbers. This is
one of the themes of Hacking (1990). The more numerical data became available, the higher

2 Pearson advocates the unity of science, which consists in its method (1911, p. 12). The
material of different branches of science is different. For example, the facts of social
science are more difficult to classify than facts of natural sciences, and the bias of
individual opinion is stronger (1911, p. 16).
3 It is ironical that its prominent member, Koopmans, attacked economists at the National
Bureau of Economic Research who took this slogan most seriously: Bums and Mitchell. The
emphasis of the Cowles Commission, from at least 1940 onwards, was on theory (the first
input in the hypothetico-deductive model of science), not measurement.
4 Quetelet measured anything he could. An example is the blooming of lilacs in Brussels.
He went beyond description, in this case. A law of lilacs is the result. Let t be the
mean daily temperature (degrees Celsius). The lilacs will blossom if L t2 > 4264° C, with
t summed from the last day with frost onwards (see, Hacking, 1990, p. 62).
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the demand for their reduction. This motivated much statistical research. An example is
Gaiton, who was introduced in Chapter 5. He is a clear exponent of the school of thought
that believes that anything can be measured, and measurement is the aim of science. He
thought to be able to measure boredom, beauty and intelligence (see e.g. Gould, 1981).
Galton not only was obsessed by measurement, but also invented the theory of regression
and correlation. His ratings of beauty are based on the 'law of error' (normal law or
Gaussian distribution), and this serves his analysis of correlation. By making the steps
from measurement, via the law of error, to correlation, Galton 'tamed chance' (Hacking,
1990, p. 186). Galton bridged description and understanding by means of statistics:
correlation yields explanation, and the law of error is instrumental in the explanation.
Correlation can be interpreted as a replacement for causes, causation is the conceptual
limit to correlation (see also Karl Pearson, Section 4 below).

3.2 Robbins contra the statisticians

During the founding years of econometrics, Lionel Robbins (1898-1984) of London
School of Economics grew out as a spokesman against econometrics. Unlike Keynes, he did
not belong to the initial (1933) batch of Fellows of the Econometric Society. He views
economics as 'deductions from simple assumptions reflecting very elementary facts of
general experience' (Robbins, 1935, p. 104). The validity of the deductions does not have
to be established by empirical or inductive inference, but is

'known to us by immediate acquaintance. 0 There is much less reason to doubt the
counterpart in reality of the assumption of individual preferences than that of
the assumption of an electron' (1935, p. 105)

Hence, Robbins is a realist (the problem with his realism on preferences, can be exposed
by asking whose kind of preferences are not doubted: Hahn's? Stigler and Becker's?
Eichner's?). Robbins combines realism with an aversion to econometric inference. He
disavows of quantitative laws of demand and supply (see Chapter 7 for examples that
emerged when Robbins wrote on method). If this were the result of academic conservatism,
Robbins could be ignored. However, he makes a point that can be heard today as well.
Among the modern contributors to economic methodology, at least one scholar (Caldwell,
1982) thinks that Robbins (and Austrian economists, who share many of his ideas) has a
defensible case. Let us see how Robbins argues. The problem with obtaining quantitative
knowledge of economic relations is that it is

'plain that we are here entering upon a field of investigation where there is no
reason to suppose that uniformities are to be discovered. The "causes" which
bring it about that the ultimate valuations prevailing at any moment are what
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they are, are heterogeneous in nature: there is no ground for supposing that the
resultant effects should exhibit significant uniformity over time and space. No
doubt there is a sense in which it can be argued that every random sample of the
universe is the result of determinate causes. But there is no reason to suppose
that the study of a random sample of random samples is likely to yield
generalizations of any significance.' (Robbins, 1935, p. 107)

This view is at odds with the view of Quetelet and later statisticians, who found that
many empirical phenomena do behave uniformly, according to the 'law of error'. The
central limit theorem (or its-invalid-inversion, see Chapter 5.2.1) is of special
importance in the investigations of those statisticians. In order to be persuasive,
Robbins should have shown why, if there is no reason to expect stable relations, the
early statistical researchers of social phenomena could have found so many regularities.
Robbins also could have pointed out which conditions for the validity of the central
limit theorem are violated in economics, or how it can be used in economics. Such
arguments are not given. He just writes that 'it is plain' (the same words that Hahn uses
to show his right). The investigations of early econometricians on autonomous relations,
identifications etc. have been more useful to the understanding of possible weaknesses of
econometric inferences, than Robbins' unsupported claims that there are simply no
uniformities to be discovered.

Robbins attacks the idea that econometricians can derive quantitative statistical
laws of economics. In a sense, Robbins expresses an extreme Pyrrhonism. His solution to
Pyrrhonian skepticism is the a priori strategy, which (he thinks) enables one to derive
qualitative laws of economics.f Robbins not only attacks the statistical analysis of
demand and supply, but also statistical macroeconomics, in particular Wesley Mitchell's
(1913) Business Cycles (Robbins, 1935, pp. 112-3). Mitchell investigates the similarities
between different business cycles, while Robbins argues that the only significance in
describing different business cycles is to show their differences due to varying
conditions over space and time. 'Realistic studies' (i.e. statistical investigations) may
be useful in suggesting problems to be solved, but 'it is theory and theory alone which
is capable of supplying the solution.' (Robbins, 1935, p. 120).

Robbins' views are related to the Austrian methodology (see Section 5.2). Most
Austrians reject the predictive aim of economics, Hayek is an exception. He argues that
statistics is useful only insofar it yields forecasts. Robbins, on the other hand, claims
that forecasts do not result from (instable) quantitative statistical relations, but from
(qualitative) economic laws (such as the law of diminishing marginal utility). The latter
are 'on the same footing as other scientific laws' (Robbins, 1935, p. 121). Exact

5 Caldwell (1982) notes that Robbins does not use the words a priori in his essay.
Robbins' emphasis on the self-evident nature of economic propositions justifies my
classification of Robbins' response to skepticism as the a priori strategy.
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quantitative predictions cannot be made. This is a reason to reject the search for
statistical relations or 'laws'. Only if econometricians would be able to estimate all
elasticities of demand and supply, and if we could assume that they are natural
constants,

'we might indeed conceive of a grand calculation which would enable an economic
Laplace to foretell the economic appearance of our universe at any moment in the
future.' (Robbins, 1935, pp. 131-2)

But such natural constants are outside the realm of economics. Robbins' view is not
unlike Keynes' in his debate with Tinbergen. Keynes, though, is closer to Hume's strategy
of conventionalism and naturalism than to the neo-Kantian apriorism of Robbins. Also,
Keynes' objections to the inductive aims of econometrics are better founded than those of
Robbins. Unlike Keynes, Robbins creates a straw-man, an economic Laplace to foretell the
future. Few econometricians would identify their aims with those of the straw-man. The
aims of Moore and Schultz are Pearson's, the positivist. Pearson did not want to catch
Laplace's demon in a statistical net. He opposed necessity and determinism. His
conception of (statistical) law is neither Cartesian, nor Laplace's:

'law in the scientific sense only describes in mental shorthand the sequences of
our perceptions. It does not explain why those perceptions have a certain order,
nor why that order repeats itself; the law discovered by science introduces no
element of necessity into the sequence of our sense-impressions; it merely gives
a concise statement of how changes are taking place' (K. Pearson, 1911, p. 113;
see also pp. 86-87)

Unlike the positivist econometricians, Robbins aims at self-evident principles and
necessary explanations, such as he thought could be found in the natural sciences. The
title of Moore's pioneering work on demand, Economic Cycles: Their Law and Cause (1914)

may have misled Robbins. The regularities of Moore c.s. have only a probable validity in
the future;

'Science for the past is a description, for the future a belief; it is not, and
has never been, an explanation, if by this word is meant that science shows the
necessity of any sequence of perceptions.' (Pearson, 1911, p. 113).

Being scientific not only appealed to Robbins, but also to the positivists. They are
satisfied by Pearson, who argues that the unity of science is in its method, and the
methods of science are classification, measurement, statistical analysis:

'The aim of science ceases to be the discovery of "cause" and "effect"; in order
to predict future experience it seeks out the phenomena which are most highly
correlated. 0 From this standpoint it finds no distinction in kind but only in
degree between the data, method of treatment, or the resulting "laws" of
chemical, physical, biological or sociological investigations.' (Pearson, 1911,
p. 173)
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Pearson's statement has a weakness. He does not consider the possibility of spurious and
nonsense correlation (although classification can be viewed as his way of discriminating
sense from nonsense). Here, the paths of Pearson and his student, Yule, diverge (see
Chapter 5.2). Yule is interested in regression, conditional expectation. This surpasses
Pearson's emphasis on association (correlation). The correlation between mortality in
England and Church of England marriages is 'nonsense', Yule writes (1926, p. 2). The
correlation is real, though: the nonsense is in the explanation. Yule (1926, p. 2) argues
that most people would agree

'that the correlation is simply sheer nonsense; that it has no meaning whatever;
that it is absurd to suppose that the two variables in question are in any sort
of way, however indirect, causally related to one another.'

Nonsense correlation is correlation without any causal interpretation, 'measurement
without theory', as Koopmans would say. But one does not have to lapse into the realist's
causal explanations to judge whether correlations are nonsense. The question is whether
one will have a useful application for a conditional expectation of mortality given

marriages.

3.3 The role of theory

The pioneer of the econometrics of consumer behaviour, Schultz, argues that 'In the
slippery field of statistical economics, we must seek the support of both theory and
observation.' (Schultz, 1937, pp. 54-55). This is sound methodological advice. It neither
gives theory nor observation a dominant weight in scientific inference, unlike the
authors of the textbooks cited in the beginning of this chapter. Following Koopmans and
Haavelmo, they put theory first.

Koopmans argues that fact finding is a waste of time if it is not guided by
theory-neo-classical theory, that is. But fact finding is an important stage in science
(acknowledged by Haavelmo, 1944, p. 12, who speaks of 'cold-blooded empiricism'; see
Chapter 5.4.3). Take Charles Darwin, who writes that he 'worked on true Baconian
principles, and, without any theory, collected facts on a wholesale scale' (Life and
Letters of Charles Darwin, cited-with admiration-in Pearson, 1911, p. 32). Darwin even
tried to suppress his theory: 'I was so anxious to avoid prejudice, that I determined not
for some time to write even the briefest sketch of it.' (cited in Pearson, 1911, p. 33).
Mitchell's (1913) method of business cycle research is like Darwin's, but Mitchell was
not able to make the consecutive step: to invent a theory that enables to classify the
facts. This step has been made by followers of Mitchell, in particular, Kuznets,
Friedman, and Robert Lucas (1981, p. 16). Lucas praises the empirical work of Mitchell
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and Friedman for providing the 'facts' or evidence that a theory must cope with. It may
surprise some readers to find Lucas, best known as a macroeconomic theorist, in the
company of Mitchell instead of Koopmans, but he rightly places himself in the positivist
tradition. 6

Stylized facts are a source of inspiration for economic theory. Kuznets' measurements
of savings in the USA inspired Friedman to his theory of consumption. In particular,
Kuznets found that the savings rate is fairly stable and does not (as Keynes suggested)
decline with an increase in income. This is a good example of how measurement can yield a
fruitful stylized fact and inspire new theory and measurements (see also Zellner, 1988c,
p. 17). Similarly, Solow's stylized facts about growth have inspired an inunense
literature on the basic characteristics and determinants of growth. There wouldn't have
been an endogenous growth literature without studies such as Solow's. The example
illustrates the way science proceeds: from simple (stylized fact) to more general
(neoclassical growth models, endogenous growth models). It would be wrong to reject
studies like Mitchell's, Friedman and Schwartz', or Solow's, because their stylized facts
are all gross mis-specifications of economic reality.

But in some cases, theory is an essential ingredient to classify facts. An obvious
example is consumer behaviour. To qualify as a demand equation, a regularity found has to
satisfy certain theoretical restrictions. Then the measurement of elasticities, e.g., is
credible, otherwise it is not. In the slippery field of empirical economics, we indeed
need both theory and observation.

3.4 Constants and testing

The quest for constants of nature and society started with Charles Babbage. Measuring
nature's constants not only inspired positivist research, but is of specific interest for
(neo-) Popperians, such as 1.1. Klant. Without constants, Klant (1979, pp. 224-5) argues,
the falsifiability principle for the demarcation of science breaks down. Popper (1957)
acknowledges that lack of constancy undermines methodological falsificationism. In
economics, there is little reason to assume that most parameters are really constant.
Logical falsificationism, therefore, is beyond reach. Positivists are not bothered by
this problem. Their aim is not to discover and measure 'true' constants to single out
scientific theories, but to invent measurement systems in order to measure parameters.

Charles Peirce contributed to this view. He denies the existence of natural

6 Lucas (1987, p. 45) does not claim that models should be 'true', they are just
'workable approximations' that should be helpful in answering 'a limited set of
questions' .
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constants. There are no Laws of Nature, hidden in the Book of God, with 'true' natural
constants to be discovered. Instead, laws evolve from chance, their parameters are at
best limiting values that will be reached in an indefinite future (see Hacking, 1990, p.
214). Perhaps Peirce was even too optimistic about convergence to limiting values (see
for example Mirowski, 1994, who discusses the 'bandwagon effect' of measurements of
parameters in physics). Even if Peirce is right, Klant's (1990) distinction between
physics (where it is claimed that universal natural constants do exist and have exact
numerical value) and economics (where no such constants, independent of space and time,
exist) breaks apart. As a result, the claim that physicists can apply the Popperian
methodology of falsification, while economic theories are not strictly refutable, cannot
be accepted. In both cases, methodological falsificationism is unfeasible. A Popperian
econometrician drowns in an ocean of refutations.

Econometricians estimate (specific models), they do not test (general) theories,
Klant says. This is true, if Popperian testing is implied (which indeed is Klant's
intention). But there may be other kinds of testing, more subtle and much more relevant
to econometrics (see Section 6). Lack of experimentation, weakly informative data sets,
and the logical problem of reflexivity, are more fundamental to econometrics than the
presumed absence of universal natural constants. Reflexivity may lead to time varying or
unstable parameters, but this does not prohibit to make predictions or learn from
experience. Positivism does not leave the econometrician empty handed.

4. Causality, determinism and probabilistic inference

'A main task of economic theory is to provide causal hypotheses that can be confronted
with data.' (Aigner and Zellner, 1988, p. 1; emphasis added). Cause is a popular word in
econometrics, but whether causal inference really is a main or even the ultimate goal of
econometrics may be questioned. The debate between rationalism (associated with
scientific realism) and empiricism (or positivism) is to a large extend a debate on
causality. Hence, we may expect at least two separate views on causation. Indeed, one
view (associated with empiricism) holds that causation is a metaphysical notion, that is
not needed for scientific investigation. Science is about regularities, and that
suffices. If you want to speak of causes, you may do so, but we cannot obtain true
knowledge on the causes that go behind the regularities that we observe. This view has
been opposed by Kant, who argues that causation is the sine qua non for scientific
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inference.? Without cause, there is no determinant of an effect, no regularity, no
scientific law. Science presupposes the causal principle. An intermediate position, which
is closest to the positivists, is expressed by Zellner. He uses words such as 'cause' and
'explain' with great regularity and sympathy. But 'explain' means to him: fits well to
past phenomena over a broad range of conditions (Zellner, 1988). 'Cause' is defined in
terms of predictability: Zellner advocates Feigl's definition of 'predictability
according to a law or set of laws' (this defmition takes only account of sufficient
causation; see below). A law as defined by Zellner, is a regularity that both 'explains'
(i.e. fits with past phenomena) and predicts well. Zellner's work is in the positivist
tradition; his favourite example of a fruitful search for a causal law is Friedman'S
study of consumption. Zellner's approach to causality is sensible, although it has to be
refined. Causal inference is primarily of interest if one has a specific intervention in
mind. The type of intervention has to be made explicit.

Before discussing causation in econometrics, I will deal with the meaning of
causation in a deterministic world. In Section 4.1.1, I introduce Laplace's demon, the
deterministic representative of the founder of probability theory. In Section 4.1.2,
necessary and sufficient causation is discussed, and the subjunctive conditional
interpretation of causation is presented. Section 4.1. 3 deals with Hume' s critique on
causal inference, section 4.1.4 discusses Peirce on determinism. In Section 4.2, the
relation between causation and probability is discussed. Section 4.3 extends the
discussion to the domain of econometrics.

4.1 Causation and determinism

4.1.1 Laplace's demon
It is an 'evident principle that a thing cannot begin to be without a cause producing

it', writes Laplace (cited in Kruger, 1987, p. 63). The same principle applies to human
behaviour (Laplace indulges into a physiological theory of psychology; see Kruger, 1987,
p. 63). Laplace, a founder of probability theory, has a deterministic conception of the
world. He subscribes to Kant's principle of universal causation. All events follow the
laws of nature. If one only knew those laws plus initial conditions, one could know the
future without uncertainty. Let me introduce Laplace's demon.

'We ought then to regard the present state of the universe as the effect of its
previous state, and as the cause of that which will follow. An intelligence which
for a given instant knew all the forces by which nature is animated, and the

7 It is difficult to define Kant's position. I will follow Russell (1946), who holds that
Kant belongs to the rationalist tradition.
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respective situations of the existences which compose it; if further that
intelligence were vast enough to submit these given quantities to analysis; it
would embrace in the same formula the greatest body in the universe and the
lightest atom: nothing would be uncertain to it and the future as the past would
be present to its eyes.' (Laplace, 1814, p. VI, translation by K. Pearson, 1978,
p. 656).

Nothing in the future is uncertain for the demon. The human mind searches for truth,
Laplace continues, by applying the same methods as this vast intelligence. This makes men
superior to animals. 'All men's efforts in the search for truth tend to carry him without
halt towards such an intelligence as we have conceived, but from which he will always
remain infinitely remote' (op. cit.). The reason why we need probability theory is that
we are less able than the demon. There are too many independent causal factors for us to
comprehend everything, and in a number of cases, probabilistic inference can help us to
obtain knowledge about the probability of causes. Chance is the reflection of our
ignorance of the necessary or true causes.

4.1.2 Necessary and sufficient causes
The cause C of an event E is the necessary and sufficient condition for its appearing

(Bunge, 1979, pp. 4, 33) if the following condition holds:
iff C, then E.

This is also known as Galileo's efficient cause. Inferring the cause of event E may be
straightforward in this interpretation, for it implies that not-C results in not-E. A
problem is that many events are determined by a very large or even infinite amount of
other events. This definition is, therefore, of little use. A weakened version is a the
sufficient but not necessary causal condition,

if C, then E.
This, for example, is how John Stuart Mill defines causes, with the additional provrsion
that the cause precedes the event in time.8 The definition facilitates testing for
causality. The principle of the uniformity of nature, stating that the same cause must
always have the same effect, supplements this causal relation with immutable laws of
nature.

These are the most elementary notions of cause. But how can we know that causes

8 Another, more modem, approach is due to Mackie (1965), who analyzes causation by means
of INUS conditions (see also Suppes, 1970, pp. 75-76, who extends Mackie's framework to
the probabilistic context). An INUS condition is a condition that is an Insufficient but
Necessary part of a condition which is itself Unnecessary but Sufficient for the result.
An example is: if a short circuit (A) is an INUS condition for fire (8), an additional
condition C might be the presence of oxygen, and the event D would be another, but
distinct way by which the fire might have been caused. C and D serve as background
information. An INUS condition does not have to be a genuine cause (see the discussion in
Cartwright, 1989, pp. 25-7).
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really exist, and are not spurious? One way might be to distrust our sensations, the
phenomena. Rational reasoning, deduction, will reveal true causes. This view is
exemplified by Descartes who holds that 'Nothing exists of which it is not possible to
ask what is the cause why it exists' (cited in Bunge, 1959, p. 229, fn. 10). This
proposition is better known as Leibniz' principle of sufficient reason, according to
which nothing happens without a sufficient reason or cause (Leibniz uses reason and cause
as synonyms; for Descartes and Leibniz, reasoning and obtaining causal knowledge was
nearly identical). But this principle still is not of much help to demarcate spurious and
real causes. Hume's skepticism is, among others, a critique of Descartes' rationalistic
view on causation.

Kant tried to reconcile Descartes and Hume, by making a distinction between das Ding
an sich, i.e. the 'thing in itself' (or noumenon), and its appearance, das Ding for sich.
Although Kant accepted that we cannot obtain knowledge of things in themselves, we are
able to make inferences with respect to their appearances. The principle of universal
causation states that appearances of things, i.e. phenomena, always are caused by other
phenomena: 'Alles zufallig Existierende hat eine Ursache', cited in Kruger, 1987, p. 84,
fn. 10; see also Von Mises, 1957, p. 210).9 Kant's principle is introduced for the
purpose of making inference possible and has an epistemological intention. It relates to
experiences, not to 'das Ding an sich', But the principle is not empirically testable, it
is an a priori synthetic proposition, a precondition for empirical research (see also
Bunge, 1959, pp. 27-8). I do not think that Hume would have been persuaded by Kant that
such a requirement for inference is needed.

An alternative to the definitions of causations presented above is to base the notion
of cause on the so-called subjunctive conditional. This is a proposition of what would
happen in a hypothetical situation, i.e., if A had been the case, B would be the case. In
the context of causality, this amounts to the SUbjunctive conditional definition of
cause. C is a cause of E if the following condition is satisfied: if C had not occurred,
E would not have occurred. This is anticipated in Hume (1748, p. 51): 'we may define a
cause to be an object, followed by another, and where all the objects, similar to the
first, are followed by objects similar to the second. Or in other words, where, if the
first object had not been, the second never had existed.' (n.b., the statement 'in other
words' is not correct).

4.1.3 Burne's critique
According to Hume, you may call some things causes, if you like, but you cannot know

they are. Causation is convenient shorthand for constant conjunction. Reasoning will not

9 A similar statement of Kant is that everything that happens 'presupposes something upon
which it follows in accordance to a rule' (translation in Kruger, 1987, p. 72).
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enable one to obtain causal knowledge. Hume (1739) argues that there are three
ingredients in apparently causal relations:
(i) contiguity (closeness) in space and time,
(ii) succession in time, and
(iii) constant conjunction.
The third ingredient can also be expressed by
(iii ') whenever C, then E,
i.e. the same relation holds universally. Hume's view on causality is related to his
skepticism. The Cartesian theory of causality holds that everything must have a
sufficient cause, and some events must be or cannot be the causes of other events. But,
Hume argues, true knowledge of necessary causes cannot be derived from observation,
whence the problem of induction and Hume's skepticism. At best, we observe relations of
constant conjunction. If they also obey (i) and (ii) , by way of habit we call them causal
laws. They are subjective mental constructs, psychological anticipations, not truth-
statements of which the validity can be ascertained. Bunge, a modern realist, criticizes
Hume:

'the reduction of causation to regular aSSOCIatIOn,as proposed by Humeans,
amounts to mistaking causation for one of its tests; and such a reduction of an
ontological category to a methodological criterion is the consequence of
epistemological tenets of empiricism, rather than a results of an unprejudiced
analysis of the laws of nature.' (Bunge, 1979, p. 46)

Bunge is correct that Humean causation is indeed of epistemological nature, but this is
not a mistake of Hume: he explicitly denies that ontological knowledge of causation is
possible. Bunge's own approach, summarized by the proposition that causation is a
particular case of production (1979, p. 47),10 suffers from the same problems as the ones
that Hume discusses: even if we experiment, we cannot know the true causes, as there is
always a possibility that the observed regularities are spurious.

Habit, which results from experience, is Hume's ultimate justification for inference.
If we regularly experience a constant conjunction of heat and flame, we may expect to
observe such a conjunction in a next instance (Hume, 1748, p. 28; see also the discussion
in Chapter 1, section 3.1). Without the guide of custom, there would be an end to all
human action (this view is shared by Keynes). Custom is the very guide in life, Hume
argues in his naturalistic answer to skepticism (compare this with the view that
'Probability is the very guide in life', expressed by Joseph Butler in 1736, cited in
Hacking, 1975, p. 11).

There are no probabilistic considerations in Hume's discussion of causality (he deals
with deterministic laws). Due to the influence of Newton's Principia (published in 1687),

10 More precisely, if C happens, then (and only then) E is always produced by it.
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until the end of the 19th century 'explanation' meant virtually the same as 'causal
description' (Von Mises, 1957, p. 204). Gravitation figures as the most prominent 'cause'
in Newton's laws of mechanics. 11 It is no surprise that, after the quantum revolution in
physics, not only Newtonian mechanics came under fire but also this association of
explanation and causality. In a famous essay, Russell argues that it is better to abandon
the notion of causality altogether (Russell, 1913). According to Russell, the causality
principle (same cause, same effect) was so popular because the idea of a function was
unfamiliar to earlier philosophers. Constant scientific laws do not presume sameness of
causes, but sameness of relations, more specifically, sameness of differential equations
(as noted in Chapter 5, Russell claims in his Outline of Philosophy that scientific laws
of physics can only be expressed as differential equations-Russell, 1927, p. 122; see
for the same argument also Jeffreys, 1957, p. 189, who concludes: 'the principle of
causality adds nothing useful').

There are certainly problems with the Humean view on causality. First, in quantum
physics, the absorption of a photon by an atom does not qualify as a Humean cause of the
resulting quantum leap, the 'constant conjunction' has no meaning for individual
particles (Bunge, 1979, p. xvi). Still, most physicists would call this a cause.12 Quantum
physics is also said to undermine contiguity (e.g. by 'action at distance'). Second, many
cases of perfect correlation might be called causal by Hume's maxims, while we all know
that correlation is not the same as causation. Third, the requirement of contiguity is
not only questionable in physics (think of action at distance) but also economics
(printing money in the US may cause inflation in the UK). Fourth, succession in time is
not necessary for a number of relations that would be called causal by common sense (like
'force causes acceleration', Bunge, 1979, p. 63, or upward shift of demand curves causes
higher prices in general equilibrium). Other definitions of causality are, therefore,

needed if the notion of causality is to be retained.

4.1.4 Peirce on the doctrine of necessity
Peirce (1892, p. 162) opposes Kant's principle of universal causation and other

beliefs that 'every single fact in the universe is precisely determined by law.' Peirce

11 Although Leibniz rejected gravitation as an 'inexplicable occult power', not a true
cause (see Hacking, 1983, p. 46). Hacking argues that the fact that Newton's gravitation
was so successful in describing the regularities of the phenomena was more important to
the identification of causes and regularities than Hume's writings (this identification
may not have been Newton's intention, though).
12 But Hume is not interested in 'essential' causes of individual phenomena anyway, so it
is doubtful whether Bunge's comment is to the point. Physicists might well agree with
Hume that, if they speak of cause at all, they refer to a regularity, not an individual
determination of the behaviour of a specific particle. This even seems to be a basic
feature of quantum physics.
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exemplifies the changes of scientific thinking, from the deterministic nineteenth
century, to the probabilistic twentieth century (see e.g. Hacking, 1990, pp. 200-203).
Peirce provides the following arguments against the 'doctrine of necessity'.

First, inference is always experiential and provisional. A postulate of universal
causation is like arguing 'as if a man should come to borrow money, and when asked for
his security, should reply he "postulated" the loan.' (Peirce, 1892, p. 164). Inference
does not depend on such a postulate, science deals with experience, not with things in
themselves. Here, Peirce joins Hume in his emphasis on observable regularities.

Secondly, Peirce denies that there are constant parameters, objectively given. The
necessitarian view depends on the assumption that such parameters do have fixed and exact
values. The reason for rejecting this view is that Peirce does not think such exact
relations can be established by experimental methods: there always remain measurement
errors (Peirce, 1892, p. 169). Errors can be reduced by statistical methods (e.g., least
squares), but 'an error indefinitely small is indefinitely improbable' (1892, p. 169).
This may be seen as an invalid critique of the doctrine of necessity: the fact that we
cannot measure without error the exact value of a 'continuous'Jf quantity in itself does
not undermine the possible existence of this value. But, Peirce argues, then a belief in
such existence must be founded on something other than observation. In other words, it is
a postulate-and such postulates are redundant in scientific inference.

The fact that we do observe regularities in nature does not imply that everything is
governed by regularities, neither does it imply that the regularities are exact:

'Try to verify any law of nature, and you will find that the more precise your
observations, the more certain they will be to show irregular departures from the
law. ( ... ) Trace their causes back far enough, and you will be forced to admit
they are always due to arbitrary determination, or chance.' (Peirce, 1892, p.
170).

Peirce was wntmg before the quantum revolution is physics, but the probabilitistic
perspecitve made him reject Laplace's determinism. The fact that we observe regularity
may be the result of chance events given the 'law of error', the normal distribution (as
was argued by people like Quetelet and Galton). Regularity may be the result of laws,
even of probabilistic laws. It can as well result from evolution and habit. But diversity
never can be the result of laws which are immutable, I.e. laws that presume that the
intrinsic complexity of a system is given once and for all (see Peirce, 1892, p. 173). We
observe an increase in diversity and complexity, and even pure spontaneity, in all
branches of science. If the same consequences always result from the same causes, there
cannot be real progress (Peirce, letter to Lady Welby dated May 20, 1911, in: Peirce,

13 Probably, Peirce has real variables in mind.
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1958, p. 427).14 But we observe progress, hence there is more than immutable laws. Chance
drives the universe.

4.2 Cause and chance

4.2.1 Laplace revisited
Despite his determinism, Laplace links probability and causality. There is no

contradiction involved. Laplace views probability as the result of incomplete knowledge
(see Chapter 2.3). Laplace distinguishes constant (regular) causes from dynamic
(irregular) causes. 'the action of regular causes and constant causes ought to render
them superior in the long run to the effects of irregular causes.' (cited from the Essay
Philosophique sur les Probabilites, pp. LIII-LIV, translation Karl Pearson, 1978, pp.
653-4). Our ignorance of the causes underlies probabilistic inference. As this ignorance
is the greatest in the 'moral sciences', one might expect Laplace to recommend
probabilistic inference especially to those branches. This, indeed, he does, in a section
on application of the calculus of probabilities to the moral sciences.

Consider an urn, with a fixed but unknown proportion of white and black balls. The
constant cause operating in sampling balls from the urn is this fixed proportion. The
irregular causes of selecting a particular ball are those depending on movements of the
hand, shaking of the urn, etc .. Laplace's demon can calculate the effects of the latter,
but human beings cannot. What can be done, is making probabilistic propositions about the
chance of drawing particular combinations of balls. The irregular causes wash out, but a
probability distribution (for example, the Gaussian curve) remains. For a long period,
this view on probability and causation influenced probability theory. For example,
Antoine Augustin Coumot (1801-1877), of a younger generation of statisticians than
Laplace, still sticks to the view that apparently random events can result from a number
of independent causal chains (Hacking, 1975, p. 174; Kruger, 1987, p. 72). The change
came at the end of the nineteenth century, when the deterministic world view began to
crumble. Meanwhile, the frequency interpretation of probability developed. The next
subsection deals with this episode.

4.2.2 Frequency and cause
Since Hume, one of the positivist maxims has been skepticism on causes. This is

reflected in the writings of Ernst Mach, and his followers Karl Pearson and Richard von

14 Peirce clarifies his meaning of progress as follows: 'I mean, to wit, variescence,
[... ] such a change as to produce an uncompensated increment in the number of independent
elements of a situation.' (p. 429).



Chapter 10. Aims of econometrics 313

Mises. Mach holds that the notion of causation is an outdated fetish that is gradually
being replaced by functional laws (Bunge, 1979, p. 29). This is similar to Russell's
belief that causal laws will be replaced by differential equations. Pearson goes a step
further and claims that causal laws will be replaced by empirical statistical
correlations. Pearson (1911) can be read as an anti-causal manifesto. He is a radical
Humean, arguing that cause is meaningless, apart from serving as a useful economy of
thought (K. Pearson, 1911, p. 128, p. 170). Cause is a 'mental limit', based upon our
experience of correlation and contingency (1911, p. 153).

Von Mises' thinking on causality is more delicate. He is a positivist, inspired by
Mach, and his probability theory owes some ideas to the posthumously published book
Kollektivmasslehre (1897) of G. Theodor Fechner (1801-1887) (see Von Mises, 1957, p. 83).
Both Mach and Fechner reject the principle of universal causality. Fechner also rejects
determinism out of hand, largely for the same reasons as Peirce. Fechner discusses four
sources of indeterminism.If They are due to inaccuracy, the suspension of causal laws, the
occurrence of intrinsically novel initial conditions and, finally, a fundamental
limitation of predictability. The fourth type cannot be found in the writings of Peirce,
but it is of particular interest given the discussion of reflexivity presented in Chapter
9 above.

While Mach, Fechner and Pearson reject causalism out of hand, Von Mises does not
think that one need to abandon the notion of causality in (probabilistic) inference. In
discussing the 'small causes, large effects' doctrine of Poincare, Von Mises notes that
statistical theories (such as Boltzman's gas theory) do not contradict the principle of
causality. Using Galton's Board (the quincunx, see Chapter 5.2.1) as illustration, Von
Mises argues that a statistical analysis of the resulting distribution of the balls is
not in disagreement with a deterministic theory (although the latter would be very hard
to implement for analyzing the empirical distribution). The statistical theory does not
compete with a deterministic one, but is another form of it (Von Mises, 1957, p. 209).
Von Mises even considers that the statistical distributions of events like throwing dice,
or rolling balls on Galton's Board, may be given a causal interpretation. The meaning of
the causal principle changes. Causality in the age of quantum physics is not quite the
same as it was during the heyday of mechanical determinism.

Von Mises argues that classical mechanics is of little help in 'explaining' (by means
of causal relations) semi-stochastic phenomena, such as the motion of a great number of
uniform steel balls on Galton's Board. What is needed is a

'simple assumption from which all the observed phenomena of this kind can be
derived. Then at last can we feel that we have given a causal explanation of the
phenomena under investigation.' (Von Mises, 1957, p. 208)

15 The following discussion of Fechner is based on Heidelberger (1987).
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Hence, Von Mises claims that causality is directly related to the simplicity of
assumptions. But cause is not an absolute notion, as it is in the writings of Descartes
and his followers. A theory is not conditional on existence of real causes (as it is in
the views of Descartes of Kant), but reversely: causes are conditional on (fallible)
knowledge of theories, based on empirical observation. Causality is relative to theories
formulated at some date, without claiming universal validity. Therefore, Von Mises (1957,
p. 211) argues, the principle of causality is subject to change, it depends on our
cognition.

4.2.3 Keynes' causa cognoscendi
Unlike Peirce, who was able to anticipate the full consequences of probabilism,

Keynes is a determinist: 'none of the adherents of "objective chance" wish to question
the determinist character of natural order' (1921, p. 317); objective chance results from
'the coincidence of forces and circumstances so numerous and complex that knowledge
sufficient for its prediction is of a kind altogether out of reach.' (1921, p. 326).
Despite this support to Laplace's perspective, Keynes does not make universal causation
the ultimate foundation of his theory of probability and induction. In this sense, he is
a Humean. Still, in a brief exposition on causality, Keynes (1921, pp. 306-308) makes a
few remarks on causation that can be interpreted as precursor to the modem theory of
probabilistic causation of Suppes (see e.g. Vercelli, 1992, pp. 416-417). Keynes
distinguishes causa essendi (the ontological cause, where necessary and sufficient
conditions can be stated) from causa cognoscendi (causality relative to other knowledge,
which is a probabilistic notion dealing with regular conjunction).

Keynes provides a number of definitions for types of causes (in the following, I will
use my own notation for convenience). There are two given propositions, e and c, related
to events E and C where C occurs prior to E (remember from Chapter 4 that Keynes' theory
of probability is formulated in terms of propositions). Furthermore, we have laws of
nature (independent of time) l and other existential knowledge (facts), given by
propositions f. The most elementary causal relations (that do not rely on /) are the
following.
i. If Pee I c,l) = 1, then C is a sufficient cause of E.
ii. If P(elnot-c,l)=O, then C is a necessary cause of E.
The principle of universal causation (or law of causation, as Keynes calls it) is that,
if l includes all laws of nature, and if e is true, there is always another true
proposinon c, such that P(e Ic,l) =1. Hence, this principle is about sufficient causes,
i.e. case i. But for the practical problem of induction, Keynes (1921, p. 276) argues,
the laws of universal causation and the uniformity of nature (same cause, same effect)
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are of little interest. As an example (not given by Keynes), one might think of smoking:
neither a necessary, nor a sufficient cause of lung cancer. Still, many scientists would
regard this as an interesting example of causation, though a kind of 'possible' causation
(Fisher discussed this issue at length; see Fisher Box, 1978, for references).

Keynes is able to analyze such possible causes, thanks to his probabilistic
framework. Keynes (1921, p. 306) argues that necessary or sufficient causes are rarely
apparent to us and, therefore, are of little interest. In order to deal with possible
causation, Keynes first weakens definitions i and ii. Consider the sufficient cause with
respect to background knowledge f (case iv in Keynes, 1921; I will skip the similarly
weakened versions of necessary causes):
iv. If Pte+c.t.fv=; and P(el/,!)*-I, then C is a sufficient cause of E under

conditions f.
This introduces background knowledge and makes a more interesting example of causation
than the (unconditional) case i, although smoking still is not a sufficient cause (type
iv) of cancer. The step to possible causation (Suppes, 1970, uses the term prima facie
cause in this context) is made by introducing a further existential proposition h, such
that
viii. If P(h I c,lj)*-O (i.e. the additional proposition is not inconsistent with the

possible cause, laws and other facts),
pee Ih,l)*-I, (i.e. the effect does not obtain with absolute certainty in
absence of c) and
P(elc,h,lj)=1 (i.e. the effect is 'true'),
then C is, relative to the laws I, a possible sufficient cause of E under
conditions f.

A possible cause can also be defined for the necessary case, yielding the somewhat odd
'possible necessary' cause. An interesting feature of Keynes' analysis of causation is
that he is one of the first to provide a probabilistic treatment of causation. The recent
theory of Suppes (1970) is not much different from Keynes' short treatment. But, unlike
Suppes, Keynes does not have much interest in the types of causes such as presented
above. They relate to causa essendi, whereas observations only make inference with
respect to causa cognoscendi possible. A definition of causa cognoscendi is given:

If P(elc,h,Ij)*-P(elnot-c,h,Ij), then we have 'dependence for probability' of
c and e, and c is causa cognoscendi for e, relative to data I and f.

Keynes' causa cognoscendi brings us back to Humean regularity, which in his probabilistic
treatment is translated to statistical dependence (and correlation, in the context of the
linear least squares model-see Swamy and Von zur Muehlen, 1988, who emphasize that
uncorrelatedness does not imply independence). This, and not causa essendi, is what
matters in practice:
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'The theory of causality is only important because it is thought that by means of
its assumptions light can be thrown by the experience of one phenomenon upon the
expectation of another.' (Keynes, 1921, p. 308)

Keynes is aware that correlation is not the same as causation (although Yule's famous
treatment of spurious correlation appeared five years later, in 1926). It is not unlikely
that Keynes would hold that thinking (intuitive logic) would be the safeguard against
spurious causation.

4.2.4 Fisher's dictum
Fisher argues that his inductive methods are intended for reasoning from the sample

to the population, from the consequence to the cause (Fisher, 1955, p. 69), or simply for
inferring the 'probability of causes' (Fisher, 1956, p. 106). There is a clear link
between randomness and causal inference in Fisher's writings. He notes that there is a
multiplicity of causes that operate in agricultural experiments. Few of them are of
interest. Those few can be singled out by sophisticated experimental design.
Randomization is the first aid to causal inference.

Cause is a regularly recurring word in Fisher's writings, but he does not subscribe
to a principle of causation such as Kant's. Cause is used as a convenient way of
expression, not unlike Pearson's 'mental shorthand'. There is no suggestion in Fisher's
writings that he supports either a deterministic or an indeterministic philosophy. Fisher
is an exponent of British empiricism, his views on causality are not much different from
Hume's (who is not mentioned in Fisher's books).

One statement of Fisher with regard to causality is interesting. When Fisher was
asked at a conference how one could make the step from association to causation, Fisher's
answer was 'make your theories elaborate' (Cox, 1992, p. 292). This can be interpreted in
various ways. One is to control explicitly for nuisance causes, by including them as
variables in statistical models. This is discussed in Fisher (1935, Chapter IX) as the
method of concomitant measurement. It amounts to making implicit ceteris paribus clauses
explicit. But modelling all those additional factors can be fraught with hazards, because
the specific functional relations and interactions may be very complex. The alternative
is to improve the experimental design.

The discussion of Pratt and Schlaifer (1988) on the difference between (causal) laws
and regressions elaborates Fisher's ideas on concomitant measurement. Pratt and Schlaifer
argue that a regression is only persuasive as a law, if one includes in the regression

'every "optional" concomitant (.. .) that might reasonably be suspected of either
affecting or merely predicting Y given X-or if the available degrees of freedom
do not permit this, then in at least one of several equations fitted to the
data.' (Pratt and Schlaifer, 1988, p. 44, italics in original).
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In macro-econometrics, degrees of freedom are usually too low to implement this approach.
A combination with sensitivity analysis approach (Leamer) may be helpful. Levine and
Renelt (1992) can be interpreted as such an effort, although one might argue that they
combine the disadvantages of extreme bounds with those of frequentist pre-testing. In
micro-econometrics, when large numbers of observations are available, the argument of
Pratt and Schlaifer may clarify (implicitly) why investigators do not vary significance
levels of t-statistics with sample size (the same 0.05 recurs in investigations with 30
and 3000 observations). Including more 'concomitants', where possible, makes it more
likely that the equations are like laws instead of being spurious.

The modified simplicity postulate shows why a researcher should not go a step
further, by including all available regressors in a regression equation. One may even
argue that this postulate enables a researcher to ignore remote possibilities, and
constrain oneself to relatively simple models unless there is specific reason to do
otherwise. This, I think, is Jeffreys' (and, perhaps, even Fisher'S own) approach.
Jeffreys (1961, p. 11) discusses the principle of causality, or uniformity of nature, in
its form 'Precisely similar antecedents lead to precisely similar consequences.' A first
objection is that antecedents are never quite the same, 'If "precisely the same" is
intended as a matter of absolute truth, we cannot achieve it.' (1961, p. 12). More
interestingly, Jeffreys asks how we may know that antecedents are the same. Even in
carefully controlled experiments, such knowledge cannot be obtained. The only thing that
can be done, is control for some conditions that seem to be relevant, and hope that
neglected variables are irrelevant.

'The question then arises, How do we know that the neglected variables are
irrelevant? Only by actually allowing them to vary and verifying that there is no
associated variation in the result' (Jeffreys, 1961, p. 12)

This verification needs a theory of 'significance tests' (Jeffreys' Bayesian approach, or
in Fisher's case, the approach outlined in Chapter 3). Analyzing the residuals in
regression equations is an application of this line of thought (see also Chapter 6,
Sections 2.2.4 and 2.3.2).

4.3 Causal inference and econometrics

4.3.1 Recursive systems

Not surprisingly, causality was much discussed during the founding years of
econometrics, in particular, with respect to business cycle research. Tinbergen does not
elaborate very much on this subject,16 but Koopmans is more specific. He argues that the

16 Although Tinbergen (1927, p. 715) argues that the goal of the search for correlations
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fundamental working hypothesis of econometric business cycle research is that

'causal connections between the variables are dominant in determining the
fluctuations of the internal variables, while, apart from external influences
readily recognized but not easily expressible as emanating from certain
measurable phenomena, mere chance fluctuations in the internal variables are
secondary in quantitative importance.' (Koopmans, 1941, p. 160)

Koopmans defines causal connections as necessary. He also argues that his working
hypothesis is not contradicted by the data (suggesting that it is testable). There are
many interrelations between economic variables, which 'leaves ample freedom for the
construction of supposed causal connections between them. 0 In fact, it leaves too much
freedom.' (ibid., pp. 161-162). Here, the economist should provide additional, a priori
information. The economists selects a number of possible causal relations. The
econometrician uses the 'principle of statistical censorship' (ibid., p. 163) to purge
those suggested relations that are in conflict with the data.

Koopmans' methodological views on causality do not correspond to the positrvist
views. Compare Pearson, who argues that causality is just mental shorthand, adding
nothing of interest to the statistical information of contingency or correlation.
Koopmans, on the other hand, takes causality as a necessary requirement for business
cycle research (like Kant, who argued that scientific inference needs a causal
principle). Koopmans is less dogmatic than Kant, for he claims that his causal principle
is just a working hypothesis, not rejected by the data so far. Furthermore, Koopmans (a
physicist grown up in the quantum revolution) does not deny the possibility of pure

chance phenomena.
The publications of the Cowles Commission that followed, continue Koopmans' point of

view. Causality is an a priori notion, imposed as a property of models. In this sense,
Cowles-causality can be regarded as different from Kant's causality, where it is a
property of the 'things' (data) 'in themselves', hence (if we consider this in the
current context), a property of the outcome space. Cowles-causation stands halfway the
positivist notion of causality and the a priori view.

Simon (1952) and Strotz and Wold (1960) have tried to elaborate the definition of
causality in terms of properties of (econometric) models (hence, not in terms of real
world events). Simon's definition is based on restrictions on an outcome space S, where
there are (at least) two sets of restrictions, A and B (the following is a simplified
version of the example given in Geweke, 1982). An econometric model is the conjunction of
those restrictions, Ar.B. One may think of restrictions on the determination of money, M,

is to fmd causal relations. Otherwise, one is vulnerable to the fallacy of 'a certain
statistician, who discovered a correlation between great fires and the use of fire
engines, and wanted to abolish fire engines in order to prevent great fires.' (my
translation). The same warning appears in nearly all introductory textbooks on statistics
(e.g. Wonnacott and Wonnacott, 1985, p. 439).
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and income, Y:

A: M = a,
B: Y + bM = c.

(10.1)
(10.2)

The outcome space of this example is S = {(M,Y) E 1R2}. This is an example of a causal
ordering: condition (10.1) only restricts M, and condition (10.2) restricts Y without
further restricting M. More generally, Simon defines a causal ordering as follows. The
ordered pair (A,B) of restrictions on S determines a causal ordering from M to Y iff the
mapping Gy(A) = Y and the mapping Gx(AnB) = Gx(A). Hence, the causal ordering is a
property of the model, not the data.

A related interpretation of causality is the causal chain model of Herman Wold,
student of Harald Cramer. This causal chain can be represented by triangular recursive
stochastic systems (see e.g. Wold and Jureen, 1953). Consider the model

By + rx = u, (10.3)

where B is a triangular matrix (with unit elements on the diagonal), and ~ = lE(uu') a
diagonal matrix. An example (taken from Strotz and Wold, 1960) which is the stochastic
counterpart to (10.1-10.2) is:

(10.4)

(10.5)

The reduced form equations of such a system can conveniently be estimated with OLS,
yielding consistent estimates. The causal chain model has two motivations. The first is
that reality follows a causal chain, 'truth' is recursive (a favourite method of the
Scandinavian school of economics, sequence analysis, is based on this postulate; see
Epstein, 1987, p. 156). Wold even claims that the only way to deal with causal models is
via recursive systems (see the critique of Basmann, 1963). A second motivation is that
recursive systems avoid cumbersome simultaneous equations estimation techniques (in
particular, FIML). In this sense, Wold's approach opposes Haavelmo's. The assumptions
underlying Wold's arguments (triangular system, normality) may be invoked as useful
simplifications, but they remain: assumptions. The modified simplicity postulate suggests
that Wold's argument may be useful where the resulting descriptions perform well
(evaluated for example by the MDL-principle), but it is not justified to argue that
economic reality is a triangular recursive system. Another objection to Wold's approach
is that, if there are k endogenous variables in the model, the number of possible causal
orderings is k!. Wold does not say how to choose among those alternative specifications.

Recursive systems underlie many early macro-econometric models, such as Tinbergen's.
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Tinbergen (1939a,b) presents an econometric analysis in terms of causal relations.
However, like many contemporaries, he interprets those relations as regularities. This is
explicitly done in Marschak (1941, p. 446), who speaks of Tinbergen's 'distillation of
regularities from the data'. Neither Tinbergen, nor Marschak, claims that 'truth' really

is recursive.

4.3.2. Causality and conditional expectation
An important reason why econometricians are interested in causation is that they want

to avoid being accused of inferring 'spurious correlations', such as Tinbergen's (1927)
fallacy, fire engines cause great fires. This fallacy can be exposed by a few simple
experiments: it is straightforward to demonstrate that fire engines neither are
sufficient, nor necessary causes of great fires. In economics, it usually is not possible
to obtain such knowledge by an appropriate experiment.

The conditional expectation model, which underlies regression analysis, has been used
to clarify the notion of causality in case of non-experiments. An example is Suppes
(1970; criticized by Bunge, 1979, p. xiv). He distinguishes prima jacie causes and
spurious causes (Suppes, 1970, p. 12). Basically the same distinction is made in Cox
(1992), who provides slightly more simple definitions. Cox' defmitions are as follows. C
is a candidate cause (primajacie cause, in Suppes' terminology) of E if P(EIC»P(Elnot-
C). Hence, candidate causes result at least in positive association. Next, C is a
spurious cause of E if B explains the association, i.e. P(EI C,B) =P(EI not-C,B). Cox' (and
Suppes') approach bring us back to Fisher's dictum: elaborate your model. As it may
always be the case that there is a variable B that has not been considered for the model,
statistical inferences generate knowledge about candidate causes, not real causes. This
is consistent with Hume's skepticism on establishing knowledge on necessary causes. Most
econometricians, I think, will roughly agree with Cox' view. The philosopher Nancy
Cartwright (1989), however, has tried to rehabilitate 'true' causes or 'capacities'.

The motto of the Cowles Commission, 'Science is Measurement', is the starting point
of Cartwright (1989, p. 1). However, measurement is not her single aim, it is
supplemented by the search for causal relations, or more generally, 'capacities'. She
summarizes her views as 'Science is measurement; capacities can be measured; and science
cannot be understood without them.' (op. cit., p. 1) Cartwright prefers the study of
capacities instead of the study of laws. She follows J.S. Mill by opposing Hume's view
that the notion of cause should be replaced by the notion of regularity and constant
conjunction. She re-formulates Mackie's !NUS-conditions to a probabilistic context. Every
correlation, Cartwright (1989, p. 29) argues, has a causal explanation, and the
statisticians' warning that correlation does not entail causation is too pessimistic. Her
theory involves the full set of INUS conditions for event E (each of them may be a
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genuine cause). If each of the elements in this set has an 'open back path' with respect
to E, then all of them are genuine causes (Cartwright, 1989, p. 33).17 This, Cartwright
(1989, pp. 34-35) argues, is how 'you can get from probabilities to causes after all.'
The major weaknesses in the argument are the requirement for having a full set of INUS
conditions, and the presumed true knowledge in the 'open back path' condition.

Cartwright claims that her philosophy applies to the social sciences. The methods of
econometrics, Cartwright (1989, p. 158) argues, presuppose that the phenomena of economic
life are governed by capacities.18 I think she overstates her case, though. To see why,
consider the investigations of consumer demand presented in Chapter 6. Measurement was
clearly an aim of most demand studies. But one needs a lot of phantasy to complement this
with a search for capacities, and the literature on consumer demand can be well
understood without invoking capacities. Or should we understand 'capacity' in a very
general sense, e.g. as rational (intentional) behaviour, utility maximization? I do not
think: that it is helpful to maintain that an elasticity of l.2 is 'caused' by utility
maximization of a group of individuals. But perhaps the elasticity is to be interpreted
as the bridge by which a cause operates, a one percent change in income 'causes' an x
percent change in consumption of bananas. Indeed, an elasticity is a proposition of the
kind if A, then B. But the econometric investigations of such elasticities are based on
regular conjunction, causation is only of interest if one wants to go beyond measurement,
in particular, if intervention is the aim. Even in that case, 'cause' is mental shorthand
for rational expectation. We can do without metaphysical capacities.

4.3.3 Wiener-Granger causality
Granger (1969) defines causality in terms of information precedence (or

predictability) for stationary processes. It is an attempt to provide a statistical,
operational definition that can help one to escape from the philosophical muddle.
Granger's definition resembles Cox' of a non-spurious candidate cause, although Granger
restricts the definition to processes that have finite moments. Formally, let all
information in the 'universe' at time t be given by U,. U, - X, represents all
information except that contained in Xc or its past. Then Xc is said to Granger-cause

Y,+I if

17 C has an open back path with respect to E iff C has another (preceding) cause C', and
if it is known to be true that C' can cause E only by causing C. This condition is needed
to rule out spurious causes.
18 In Cartwright's book, the meaning of 'capacity' gradually changes to autonomous
relations, like the ones that generate the 'deep parameters' that are the principal aim
of new-classical econometricians. I think: stability and autonomy are different issues. I
would agree with the statement that econometric inference for purpose of prediction and
intervention needs relative stability, but I am not persuaded that the notion of capacity
is needed as well.
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(10.6)

for any region c.19 The definition contains a non-operational information set V(. This
requirement resembles Carnap's (1950) requirement of total evidence, by which Carnap
tried to avoid the so-called reference class problem (an example is Simpson's 'paradox').
In order to obtain a more useful notion of causality based on the idea of precedence, one
usually invokes a background theory on which a restricted information set I( is based.
Granger suggests to use the term 'prima facie cause' for this case, and this condition
indeed corresponds to Suppes' prima facie cause as well as Cox' candidate cause. They all
are probabilistic versions of conditions ii and iii of Humean causation.

The criterion of Granger has a number of weaknesses and many of them have been
discussed by Granger himself. I already mentioned the assumption of finite moments. For
non-stationary processes, one has to filter the time series in order to make them
stationary. There are many ways to do so, the causality test is sensitive to the choice
of filtering. Furthermore, filtering data is likely to abolish relevant information and,
therefore, violates Fisher's reductionist approach to inference as well as inference

based on the modified simplicity postulate.
There are other weaknesses. According to Granger's definition, Christmas cards cause

Christmas (if the variation in Christmas can be established, for example, by measuring
the number of Christmas trees at a particular point of time; if one prefers to define
Christmas as a variation-free point on the calendar, there will be no Granger-causation).
Or, weather predictions cause the weather, sunspots cause the business cycle (Sheenan and
Grives, 1982). Sims (1972, p. 543) writes that the Granger causality test 'does rest on a
sophisticated version of the post hoc ergo propter hoc principle.' Whether one agrees
with the characterization 'sophisticated', depends on ones assessment of the importance
of the choice of background information, 1(. This choice is crucial. Different choices of
I( may give different causality results (as Sims' sequence of tests of money-income
causality, starting with Sims, 1972, shows). Granger's test for causality is higWy
sensitive to specification uncertainty. The approach is one of overshooted
instrumentalism, where only predictive performance matters. While the Wold approach to
causal inference exaggerates a priori economic theory, 'Granger-causality' neglects

considerations of economic theory.
Granger's answer to evident examples of spurious causes is pragmatic. The underlying

problem is the lack of total evidence, or Cartwright's full set of INUS conditions.
Subjectively, we know that in the mentioned cases, this requirement is badly violated.

19 The original definition of Granger (1969) is given in terms of variances of predictive
error series, where rougWy speaking x causes y if x helps to reduce this variance in a
linear regression equation.



Chapter 10. Aims of econometrics 323

Hence, the resulting inferences will not change our mind. Granger vaguely refers to a
Bayesian interpretation of probability, based on degrees of belief, but proposes
frequentist test procedures for testing causality. Then, 'The objective of any causal
analysis, such as a statistical test, might be to try to influence the degree of belief
of oneself or of others.' (Granger, 1990, p. 46). I agree with this statement, but as a
consequence, I would think that a proper Bayesian analysis of the problem of spurious
causation is warranted. Granger does not make this step. There is no formal analysis of
degree of belief and no discussion of a probabilistic answer to Humean skepticism.

4.3.4 Cause and intervention
The notions of sufficient and necessary cause, presented in Section 4.l.2, serve in

economic policy. If a policy maker would know the causes of recessions, he would like to
neutralize the necessary cause of it, or create a sufficient cause for a boom. But such
knowledge is still far from established. We have a number of candidate causes instead of
necessary or sufficient causes, and worse, those candidate causes operate in a changing
environment. The policy maker will be interested in how variables of interest react to
changes in policy variables (instruments). Hence, the interest in causal inference is
inspired by the desire to intervene. This notion is absent in the interpetations of
causality given so far (although Cartwright, 1989, Chapter 4, implicitly considers this
issue).

Leamer (1985) discusses how causality should be related to intervention. In so doing,
he arrives at the familiar notion of structural parameters (where a parameter is said to
be structural if it is invariant to a specified family of interventions). A causal
relation is one with structural parameters, for a specific context of explicitly stated
policy interventions. Leamer's definition adds an important element to Feigl's
(predictability according to a law, which is related to sufficient causation). Without
identifying the relevant intervention, Feigl's definition remains sterile. But without
experimentation, the notion of intervention is obscure as well. A possible help may be
the identification of great historical events, such as wars and crashes. Leamer's view is
that the best way to learn causes is from studying history, econometrics being of
secondary interest only.

To summarize, while Wold imposes causality a priori, and Granger proposes to test for
causality by means of a prediction criterion, FeigI's predictability according to a law
takes a position in between. Zellner (1979) recommends FeigI's approach to causality, but
causality is only of interest, if the law is relevant to a specific intervention. The
probable effect of the intervention is of interest to the policy maker. This is a problem
of probabilistic inference, not a metaphysical speculation about the ontological meaning
of cause or the causal principle.
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5. Science is prediction

5.1 Prediction as aim

5.1.1 Prediction and inference
In the preceding section, prediction has been mentioned already as a way to establish

causality. Some investigators argue that prediction by itself is the ultimate aim of
science. Comte, for example, writes that prediction is 'The unfailing test which
distinguishes real science from vain erudition' (cited in Turner, 1986, p. 12; emphasis
in original). Comte opposes plain description or enumeration of facts (naive induction)
(see Turner, 1986, Chapter 2). A similar statement can be found in the writings of

Ramsey, who argues that

'As opposed to a purely descriptive theory of science, mine may be called a
forecasting theory. To regard a law as a summary of certain facts seems to me
inadequate; it is also an attitude of expectation for the future. The difference
is clearest in regard to chances; the facts summarized do not preclude an equal
chance for a coincidence which would be summarized by and, indeed, lead to a
quite different theory.' (Ramsey, 1929, p. 151)

Ramsey's theory of science aims at prediction, as does Catnap's theory of induction, and
many other philosophies of science. Econometricians also praise the predictive aim.
Koopmans (1947, p. 166) argues that prediction is, or should be, the most important
objective of the study of business cycles.20 Why prediction is so important, is not always
made clear. Sometimes, prediction is viewed as a means for social engineering or control
(this is Marschak's, 1941, p. 448, view, as well as Whittle's-see Section 5.1.2). Others
suggest that prediction is a prerequisite for testing, and science is about testing (this
is a rough caricature of Friedman as well as Blaug, see Section 5.1.3). Where, for
example, Koopmans advocates prediction, he invokes it to demarcate superficial relations
(such as investigated by Bums and Mitchell) from sound econometric relations (based on
theory). Koopmans claims (but does not substantiate his claim) that those 'superficial
relations' lack stability and are, therefore, bad instruments for predictions (Koopmans,

1949, p. 89).
In Chapter 6, provided a different argument for prediction: it underlies

20 This is remarkable, as in his earlier writings, he warns that prediction is a dangerous
undertaking, as it may lead to speculation and instability (Koopmans, 1941, p. 180; see
also Chapter 9 above).
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probabilistic inference. As Keynes and Fisher argue, statistics has a descriptive and an
inductive purpose. If description were the sole aim, it would be vacuous as there would
be no reason to 'reduce' the data. The latter becomes important if one wants to make
inferences about new observations. Here, the modified simplicity postulate becomes
relevant, as it is a way to deal with the trade-off between accurate description and
simplicity. This trade-off is based on an inductive theory of prediction. The theory of
simplicity is based on Bayesian updating, a special version of prediction.

5.1.2 Prediction and regulation
Friedman (1953) expresses the view that scientific theories can only be evaluated by

their predictive performance. A radical point of view is expressed by Thomas Sargent. In
the preface to Whittle (1983), Sargent claims that

'to understand a phenomena is to be able to predict it and to influence it in
predictable ways.' (Sargent, in Whittle 1983, p. v)

This reflects the symmetry-thesis of the logical
Blaug 1980, pp. 3-9), which states that
explanation.

Whittle is more cautious than Sargent: prediction can be based upon recognition (' a
compilation of possible histories' that are analogous to the event to be predicted) of a
regularity as well as upon explanation of the regularity (Whittle, 1983, p. 2).
Explanation does not entail prediction, and one can extrapolate without an underlying
explanatory model. Prediction, Whittle argues, is rarely an end in itself. For ex.ample, a
prediction of next year's GNP may have as purpose to regulate the economy. Here, the goal
of inference is not to optimize the accuracy of the prediction, but to optimize (for
example) a social welfare function.

positivists Hempel and Oppenheim (see
prediction is logically equivalent to

5.1.3 Prediction, novel facts and old evidence
It is often argued that not the fact that a theory fits the data well gives a theory

credibility, but the prediction of novel facts. This notion dates back, at least, to the
writings of Descartes-J and Christiaan Huygens, one of the founders of probability theory
(see Hacking, 1975; Cohen, 1989). In his Treatise on Light (published 1690), Huygens
argues that the probability of a hypothesis increases if three conditions are satisfied.
First, if the hypothesis is in agreement with observations, secondly, if this is the case
in a great number of instances, and most importantly,

21 'We shall know that we have determined these causes directly only when we see that we
can explain in terms of them, not merely the effects we had originally in mind, but also
other phenomena of which we did not previously think.' (Descartes, 1644, cited in Giere,
1983, p. 274).
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'when one conceives of and foresees new phenomena which must follow from the
hypothesis one employs, and which are found to agree with our expectations.'
(Huygens, cited in Giere, 1983, p. 274).

This view remains popular today, for example in the tradition of the hypothetico-
deductive philosophy of science (Carnap, Hempel) and in the conjecturalist version of it
(popper, Lakatos). To test predictions is even claimed to be the hallmark of science.22

Confirmations of predictions of novel facts increase the support for theories. For
this reason, prediction is an important theme in discussions on the methodology of
economics. As noted, Friedman (1953) argues that prediction is essential for appraising
theories. Theil (1971, p. 545), Zellner (1988, p. 31) and Blaug (1980) concur. There is a
dissonant in this choir, though: John Maynard Keynes, who states his opinion in a
discussion of the views Peirce. In 1883, Peirce wrote an essay on 'a theory of probable
inference', in which he states the rule of predesignation:

'a hypothesis can only be received upon the ground of its having been verified by
successful prediction' (Peirce, 1955, p. 210).

Peirce means to say that one has to specify a statistical hypothesis in advance of
examining the data (whether these data are new or already exists is irrelevant, this
seems to be why he prefers predesignation to prediction). Successful novel predictions
are necessary and sufficient for confirming a theory (see also Giere, 1983, p. 284).
Keynes does not agree:

'The peculiar virtue of prediction or predesignation is altogether imaginary. The
number of instances examined and the analogy between them are the essential
points, and the question as to whether a particular hypothesis happens to be
propounded before or after their examination is quite irrelevant.' (Keynes, 1921,
p. 337).

Keynes continues that the view that

'it is a positive advantage to approach statistical evidence without pre-
conceptions based on general grounds, because the temptation to "cook" the
evidence will prove otherwise to be irresistible.i--has no logical basis and need
only be considered when the impartiality of an investigator is in doubt. '
(Keynes, 1921, p. 338).

Keynes distances himself from Peirce on the one hand, and the 'truely Baconian' approach
of Darwin on the other hand (see Section 3.3 above). The point relates to a problem in

22 Sometimes, though, it is argued that not all great works in empirical science are of a
predictive nature, Darwin's theory of evolution being a notorious example. Indeed, it is
hard to predict future evolution of man or other animals. But Darwin's theory is not void
of predictions: they are the so-called 'missing links', and discoveries such as the Java-
and Peking men are examples of confirmed predictions of Darwin's theory (Van Fraassen,
1980, p. 75).
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Bayesian inference, i.e. how to deal with old evidence. If evidence has been observed
already, how can it be interpreted probabilisticly? According to one interpretation such
evidence has a probability value equal to one (it occurred). If so, old evidence cannot
confirm a theory. This follows from Bayes' principle, if P(e)= 1:

P(bl ) = PCh) ·P(elh) = P(h)e pee) . (10.7)

This is at odds with scientific practice, Clark Glymour argues (in Garber, 1983, p. 102).
Indeed, in applications of Bayesian inference, one does not set pee) equal to one.
Instead, P(e) figures as a normalizing constant by which the left hand side in (10.7)
satisfies the axiom that probabilities sum to one.

In my view, the problem of old evidence is a philosophical red herring. The
contributions in Earman (1983), devoted to this issue, show that its consumption is not
nourishing. However, data mining (fishing, it is sometimes called) is a problem for
inference, whether Bayesian, frequentist or not probabilistic at all. In his discussion
with Tinbergen, Keynes complains that he is not sure whether Tinbergen did not 'cook' his
results, even though he had little reason to suspect the impartiality of Tinbergen.
Tinbergen's methods were rejected as a valid base for testing business cycle theories.
One reason is the lack of homogeneity. A second reason, more clearly formulated by
Friedman (1940, p. 639), is that empirical regression equations are 'tautological
reformulations of selected economic data' (emphasis in original) and as such not valid
for testing hypotheses. The regression equations remain useful for deriving hypotheses.
The real test is to compare the results with other sets of data, whether future,
historical, or data referring to different regions. I believe Keynes as well as most
econometricians will accept this view.

Friedman's point is (implicitly) supported in the survey on prediction by the
statisticians Ehrenberg and Bound (1993) as well. They note that textbooks on statistics,
and many papers in the literature on probability theory, abound with claims like 'least
squares regression yields a "best" prediction', where 'best' is defined according to some
statistical criteria (e.g. minimum mean square error). They complain that 'statistical
texts and journals are obsessed with purely deductive techniques of statistical
inference' (1993, p. 188). Although not unimportant, this preoccupation with statistical
criteria tends to blur the importance of specification uncertainty. What is needed is
less focus on 'best' and more effort to try models in 'many sets of data' (MSOD) rather
than single sets of data (SSOD). It is essential to vary the conditions in which models
are applied. This yields more support to ceteris paribus conditions, hence more reliable
inference. What is of interest is to widen the range of conditions under which a
prediction stands up.
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5.2 The Austrian critique on prediction and scientism
Not all phenomena can be predicted: many are too nearly unique or not reproducible or

complex, Ehrenberg and Bound (1993, p. 187) acknowledge. This feeling is the basis for
economists in the Austrian tradition, who are characterized by a fundamental skepticism
of the positivist aims of observation, measurement and prediction. These economists
reject all that econometricians stand for. In his exposition of Austrian methodology,
Israel Kirzner (1976, p. 43) argues that

'Our dissatisfaction with empirical work and our suspicion of measurement rest on
the conviction that empirical observations of past human choices will not yield
any regularities or any consistent pattern that may be safely extrapolated beyond
the existing data at hand to yield scientific theorems of universal
applicability. '

This is as radical a skepticism as skepticism can be. Is goes well beyond Humean
skepticism (Hume argued that we merely observe regularities, but cannot infer causal
relations from these). Although some over-ambitious economists may confidently claim
universal applicability for their 'laws', most economists are more modest. Kirzner
attacks a straw-man, like Robbins did before.

Kirzner's argument is weak for another reason as well. The fact that human action is
to some degree erratic does not imply that it is wholly unpredictable, either on the
individual level, or in the aggregate. If there is no scope for predictions, human action
is impossible. One might invoke Hume's view, that we cannot help to make inductions, or
Keynes, who praises convention, or philosophers of probability, who argue that it is
rational to make inferences and predictions. Although we are not absolutely certain that
the sun will shine tomorrow, or that consumption of gas declines as its price rises, this
does not prevent us from making predictions and acting upon those predictions. The
Austrian doctrine is that we do have knowledge on the effect of price changes on gas
consumption, but this knowledge results from introspection. This is the Kantian, a priori
response to skepticism.

Hayek (1989) is more subtle than Kirzner. Although Hayek criticizes the pretense of
knowledge that economists tend to have, he argues that pattern prediction is feasible
(and in 1933, the 'young' Hayek even argued that statistical research is 'meaningless
except in so far as it leads to a forecast'; cited in Hutchison, 1981, p. 211). Pattern
prediction should be distinguished from prediction of individual events, which is not
possible. Hayek warns that we should not use pattern predictions for the purpose of
intervention, as interventions are unlikely to yield the desired effects.23 This is a

23 The Austrian aim of economics is to explain how unintended consequences result from
purposeful actions. Intervention (government policy to stabilize the economy) will yield
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hypothesis, though, not a fact, and econometric inference may serve to appraise the
hypothesis.

Mathematical reasoning and algebraic equations may be helpful in gaining knowledge of
the economy, but one should be careful in supplementing these tools with statistics. This
leads to the illusion,

'that we can use this technique for the determination and prediction of the
numerical values of those magnitudes; and this has led to a vain search for
quantitative or numerical constants.' (Hayek, 1989, p. 5).

The pretense of knowledge lies in the claim that mathematical models, supplemented by
numerical parameters (obtained with econometric tools) can be used to intervene in the
economy and predict or obtain specific goals. Hayek is skeptical about the achievements
of econometricians, as (he argues) they have made no significant contribution to the
theoretical understanding of the economy. But one could also accuse Hayek, and more
generally, economists working in the Austrian tradition, of a very different pretense of
knowledge. Their claim, that we may trust an 'unmistakable inner voice' (an expression
due to Friedrich von Wieser (1851-1926), cited in Hutchison, 1981, p. 206) easily leads
to dogmatism-is it not a pretense of knowledge, that our inner voice is unmistaken?

Caldwell, the advocate of methodological pluralism, accepts the Austrian critique of
forecasting for an odd reason. Austrians reject prediction as a way of testing theories,
because of the absence of natural constants. If we want to evaluate Austrian economics,
Caldwell writes, then we should 'focus on the verbal chain of logic rather than on the
predictions of the theory.' (Caldwell, 1982, p. 123). Hence, we should not engage in
'external criticism' (Caldwell, 1982, p. 248). By the same argument, we must accept that
Friedman's monetarism should be evaluated on ground of its predictions. You cannot have
it both ways: to evaluate monetarism on the basis of predictions, while evaluating
Austrian economics on the basis of introspection or 'sound reasoning'. The modified
simplicity postulate of Chapter 6.4 takes consideration of 'sound reasoning' as well as
predictive performance. The way to compare rival theories, outlined in Chapter 8.2.4,
elaborates this approach. It does not depend on unjustified pluralism, but on a proper
trade-off between the different ingredients of scientific arguments.

6. Testing

Testing in all possible guises belongs to the basic pastimes of econometricians. A casual

additional unintended consequences and should, therefore, be avoided.
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investigation of titles of papers shows that there is a lot of 'testing' in the
econometric literature, though not quite as much 'evidence,)4 Why do econometricians test
so much? Sometimes one wonders about the abundance of tests reported in empirical papers,
as the purpose of all those tests is not always communicated to the reader. In many
cases, the implications of a positive or negative result are not made clear, the search
for homogeneity illustrates this point.

Statistical inference is usually understood as estimation and testing. In the
following, I will discuss some aims and methods of testing. Much has already been said in
the previous sections and chapters, hence I will not be elaborate.

6.1 Why test?

6.1.1 Theory testing
Hahn (1992) writes, 'I know of no economic theory which all reasonable people would

agree to have been falsified.' This is a theorist's challenge to empirical researchers,
Hahn's theorist's verdict is that we need more thinking (theory), less empirical
econometrics. When discussing empirical econometrics, McCloskey (1985, p. 182) agrees
with Hahn's view: 'no proposition about economic behaviour has yet been overturned by
econometrics'. Summers (1991, p. l33) adds, 'It is difficult to think today of many
empirical studies from more than a decade ago whose bottom line was a parameter estimate
or the acceptance or rejection of a hypothesis.' Formal econometric hypothesis testing
proves to be unpersuasive. This is increasingly recognized by econometricians, see for
example the epigraph to Chapter 8 (Spanos, 1986, p. 660).

All those authors are disappointed by the track record of empirical econometrics.
They base their critique on a perceived failure of econometrics on what it should
accomplish: to test economic theories. As argued in Chapter 1, theory testing in the
guise of falsification is a decisively Popperian goal. Hahn's and McCloskey's worries
illustrate the point that econometrics does not achieve this Popperian goal, but this
does not imply that econometrics is a failure. Summers' remark is more damaging to the
fame of empirical econometrics. He also doubts the accomplishments of econometrics with
regard to acceptance, or in changing the beliefs of economists. This is the more general

24 A search with 'online contents' of all (not only economics) periodicals at the Tilburg
University Library from January 1991 to August 12, 1993 (containing 212.856 documents)
yielded the following results:
2.702 papers have a title with 'testing' (and variations thereof) as an entry;
2.l33 papers have a title with 'estimating' (and variations) as an entry;
92 papers have a title with 'rejection' (and variations) as an entry;
62 have a title with 'confirmation' as an entry;
1.443 papers have a title containing the word 'evidence'.
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aim of positivists.
An important reason for the popularity of theory testing is that it is thought to be

a major if not the main ingredient to scientific progress (Popper, 1968; Stigler, 1965,
p. 12; Blaug, 1980), the best way to move from alchemy to science (Hendry, 1980). Whereas
R.A. Fisher still could write that

'Statistical methods are essential to social studies, and it is principally by
the aid of such methods that these studies may be raised to the rank: of
sciences.' (R.A. Fisher, 1925, p. 2),

the influence of Popperian thought resulted in a shift in statistical inference from
estimating to testing. If we want to be scientific, then we have to do statistics, and
test statistical hypotheses. According to Engle (1984, p. 776),

'If the confrontation of economic theories with observable phenomena is the
objective of empirical research, then hypothesis testing is the primary tool of
analysis. '

This is a characteristic view of a mainstream econometric theorist.
Prominent members of the Cowles Commission, in particular Koopmans and Haavelmo,

advocated this approach to econometrics. More recently, hypothetico-deductive
econometrics has been embraced by followers of the new-classical school, in particular by
those who search for 'deep' (structural) parameters. Another recent manifesto for the
hypothetico-deductive approach is Stigum (1990). Summers (1990) forcefully argues that
empirical structural econometrics has not yielded interesting insights in macro-
economics. The formalistic approach to theory testing leads merely to a 'scientific

illusion' .
Falsificationism has had a strong impact on the minds of economists. Popper is about

the only philosopher of science occasionally quoted in Econometrica. In the philosophy of
science literature, however, falsificationism has become increasingly unpopular. Not in
the least because actual science rarely follows the Popperian maxims. As Hacking (1983,
p. 15) notes, 'accepting and rejecting is a rather minor part of science' (see also the
contributions in Earman, 1983, and those in De Marchi, 1988). Theory testing is an aim
that, in practice, is less important and less productive than some of us would like to

think:.
If theory-testing is an interesting aim at all, it is not yet said that econometrics

is the best tool for this purpose. Identifying informative historical episodes (see e.g.
Summers, 1991) or devising laboratory experiments (increasingly popular among game
theorists, who rarely supplement their experiments with statistical analysis, as casual
reading of such experimental reports in Econometrica suggests) may generate more
effective tests than many Uniformly Most Powerful tests. In the natural sciences, theory
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testing does not always result from sophisticated statistical considerations. Giere
(1988, p. 190) discusses the different attitudes towards data appraisal in nuclear
physics and the social sciences. Nuclear physicists seem to judge the fit between
empirical and theoretical models primarily on qualitative arguments. Test statistics such
as x2 are rarely reported in nuclear physics papers contained in e.g. the Physical Review
(Baird, 1988, makes a similar observation). Hence, theory (or hypothesis) testing does
not always depend upon the tools we learned in our statistics course.

6.1.2 Validity testing

A different kind of testing, ignored in philosophical writings but probably more
important in actual empirical research than theory testing is validity testing (mis-
specification or diagnostic testing). Validity tests are performed in order to find out
whether the statistical assumptions made for an empirical model are credible. The paper
of Hendry and Ericsson (1991) is an example of extensive validity testing. These authors
argue that, in order to pursue a theory test, one first has to be sure of the validity of
the statistical assumptions that are made. In their view, validity testing is a necessary
precondition to theory testing. However, even if theory testing is not the ultimate aim,
validity testing still may be important. Much empirical work aims to show that a
particular model (formally or informally related to some theory) is able to represent the
data. If much information in the data remains unexploited (for example, revealed by
non-white-noise residuals), this representation will be suspect or unconvincing to a
large part of the audience.

The importance of validity tests should not be over-emphasized, at least, they should
be interpreted with care. One may obtain a very neat 'valid' statistical equation of some
economic phenomenon, after extensive torturing of the data. Such a specification may
suggest much more precise knowledge than the data actually contain. Sensitivity analysis,
for example along the lines of Leamer (1978) (see Chapter 6), or such as performed by
Friedman and Schwartz (1963) or Krueger and Summers (1988), is at least as important as
validity testing in order to make credible inferences. Illuminating in this context is
the exchange between Hendry and Ericsson (1991) and Friedman and Schwartz (1991).

6.1.3 Simplification testing

A third aim of testing is simplification testing. Simple models that do not perform
notably less than more complex ones are typically preferred to the complex ones (see
Chapter 6.4). Inference conditional on exogeneity assumptions is often preferred to
analyzing 'romantic' (Bunge, 1959) models where everything depends on everything and for
which Walrasian econometricians advocate full information methods (Haavelmo and Koopmans
belong to this category). Simplicity not only serves convenience and communication, but
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is needed for an epistemological theory of inference.

6.1.4 Decision making
Finally, a frequently expressed goal of testing is decision making. This view on

testing, and its implementation to statistics, is primarily due to the Neyman-Pearson
theory of inductive behaviour (Neyman and Pearson, 1928, 1933). The decision-theoretic
approach of testing for the purpose of inductive behaviour has been further elaborated by
Wald, and from a Bayesian perspective, by Savage (1972). Lehmann (1986) is the
authoritative reference for the frequentist approach, while Berger (1985) provides the
Bayesian arguments.

Decision making, based on statistical acceptance rules, can be important for process
quality control, but may even be extended to the appraisal of theories. This brings us
back to theory testing as a principal aim of testing. Lakatos claims that the Neyman-
Pearson version of theory testing 'rests completely on methodological falsificationism.'
(Lakatos, 1978, p. 25n). In Chapter 3, Section 4.4, I criticized this view.

6.2 Methods of testing

The most familiar methods of testing in econometrics are based on the work of Fisher,
and on the Neyman-Pearson theory of testing. To summarize the relevant issues that were
discussed in Chapter 3, Fisher's theory of significance testing is based on the following
features. First, it relies on tail areas (P-values). Secondly, it is intended for small
samples. Thirdly, it is meant for inductive scientific inference. These features are
clearly different from those of the Neyman-Pearson theory of testing. This is based,
first, on an emphasis on size and power, leading to UMP tests. Secondly, Neyman-Pearson
tests are meant for the context of repeated sampling. Finally, they are instruments for
inductive behaviour and making decisions.

In Chapters 3 and 8, I analyzed some shortcomings of both methods. Despite these
shortcomings, there are few close rivals to the blend of Fisher's and Neyman-Pearson's
methods that pervaded econometrics. Engle (1984), for example, gives an overview of test
procedures, all based on Neyman-Pearson principles. Bayesian testing has become popular
only in a few specific cases (e.g. the analysis of unit roots). Importance testing
(practiced by Tinbergen, and in different forms advocated by Leamer and Varian) is not
very popular.

The implementation of Neyman-Pearson methods at the practical level is not easy,
though. There is a wide divergence between empirical econometrics and the maxims of a
'celibate priesthood of statistical theorists', as Leamer (1978, p. vi) observes. The
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popularity of data mmmg is particularly hard to combine with the equally popular
Neyman-Pearson based methods advocated in textbook and many journal papers. Hendry (1992,
p. 369) notes that test statistics can be made insignificant by construction, as
residuals are derived, not autonomous processes. The problem of interpreting the
resulting test statistics remains unsolved today (see Godfrey 1988, p. 3; also Leamer,
1978, p. 5).

7. Summary

In the beginning of this chapter, I sketched the positivists' view on science. This view,
I argued, is still relevant to econometrics. It is characterized by an emphasis on
observation and measurement, and an interest in verification, confirmation and
falsification. Furthermore, positivists do not believe in the need to search for 'true
causes'. They are Humeans, without embracing Hume's response to skepticism.

The aims of measurement, causal inference, prediction and testing seem to compete.
If, however, we take a step back and reconsider the theory of simplicity (see Chapter
6.4), then it becomes possible to make order out of the chaos of rival aims. Description
is useful as it serves prediction. Explanation is useful as well (here, some hard line
positivists might disagree), as it allows to make use of analogy and construct a coherent
theory (minimizing the number of auxiliary hypotheses), which is economic and again, this
serves prediction.

The discussion on the meaning of causal inference for econometrics may be clarified
by accepting Hume's skepticism, without concluding that 'everything would have been
produced by everything and at random' (see the epigraph to this chapter, devoted to the
early skeptic, Sextus Empiricus). To say that the minimum wage causes unemployment, is
'convenient shorthand' for someone's rational expectation that an increase (decrease) of
the minimum wage will be accompanied by an increase (decrease) in unemployment, and more
importantly, that an intervention in the minimum wage with an x% change will result in a
y% change in unemployment. This is a perfectly legitimate expectation, even for a Humean
skeptic. The rational expectation is supported by empirical research: measurement,
inference, identification of 'historical experiments', perhaps even proper econometric
tests. The emphasis remains on descriptive accuracy and predictive performance.

The aims of econometric inference can be summarized as: finding regularities that are
simple as well as descriptively accurate, and that are stable with reference to intended
interventions. Skeptics, who hold that econometrics has not yielded much interesting
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empirical knowledge, may be right when they search for 'realist' knowledge, truth.
Econometrics does not deliver truth. It cannot establish true causes. Humean skeptics,
though, may be persuaded that a probabilistic response to their skepticism, supported by
econometric inference, is a great help in economic inference.



Chapter 11

PROBABILITY, ECONOMETRICS AND TRUTH

Your problems would be greatly simplified if,
instead of saying that you want to know the Truth,'
you were simply to say that you want to attain a
state of belief unassailable by doubt.
C. S. Peirce (1905, p. 189).

1. Introduction

The pieces of this study can now be forged together. The first chapter introduced the
problems of induction and Humean skepticism. Different responses to skepticism were
mentioned: naturalism, apriorism, conjecturalism, and probabilism. In the remaining
chapters, I analyzed the foundations of a probabilistic approach to inference. Rival
interpretations of probability were presented, their merits compared. Occasionally, I
provided arguments why I think apriorism and conjecturalism are not satisfactory,
although I do not deny that the probabilistic approach is problematic as well.

Chapter 3 discussed the frequency approach to probabilistic inference, Chapter 4
considered the epistemological (Bayesian) perspective. Although the logical foundations
of the frequency approach to probabilistic inference are problematic, probability
theorists have been able to develop an impressive box of tools that are based on this
interpretation. Unsatisfactory philosophical foundations do not necessarily prevent a
successful development of a theory. On the other hand, the logically more compelling
epistemological approach has not been able to gain a strong foothold in applied
econometric inference. Econometricians have difficulties in specifying prior probability
distributions and prefer to ignore them.

The applications of frequentist methods in econometric investigations reveal,
however, that there is a discomforting gap between the (frequentist) theory and practice
of econometrics. No one has illustrated this more expressive than Leamer (1978, p. vi).
This gap has lead to increasing skepticism on the accomplishments of econometric
inference. Econometric practice is not the success story that the founders of
econometrics expected. In 1944, Marschak, director of the Cowles Commission, could state
his research agenda for the near future in a short note:
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1945-6:
1946-8:

1948-9:

work on method(ology) to be completed in the main;
final application of method to business cycle hypotheses and to (detailed)
single market problems;
discussion of policy. Extension to international economics;

(J. Marschak, 1944 memorandum to Social Science Research Committee, quoted in Epstein,
1987, p. 62). A few years before, a similar agenda did work for the development of the
atomic bomb, but statistical evaluation of economic theories turned out to be not that
easy, not to speak of social engineering.!

An old problem, specification uncertainty, subverted the credibility of econometric
investigations. The econometrician's problem is not just to estimate a given model, but
also to choose the model to start with. Koopmans (1941, p. 179) and Haavelmo (1944)
delegate this problem to the economic theorists (1944, p. 71), and invoke the 'axiom of
correct specification' (Leamer, 1978) to justify further probabilistic inference. This
problem of specification uncertainty was noticed by Keynes (who called for an econometric
analogy to the Septuagint; see Chapter 5, Section 3.2.4). Econometricians have been
unable to respond to Keynes' challenge convincingly. This has discredited the
probabilistic response to Humean skepticism, and perhaps for that reason, methodological
writings in economics are not characterized by an overwhelming interest in econometric
inference. Instead, falsificationism, apriorism and 'post-modernism' dominate the scene.

Section 2 of this chapter deals with the methodology of economics. I will reconsider
why the probabilistic response to skepticism deserves support. Which probability
interpretation should underlie this probabilistic response, is the theme of Section 3. In
Section 4, I will discuss the temptations of truth and objectivity. Section 5 provides a
summary.

2. Methodology and econometrics

2.1 Popperians without falsifications

Philosophers of science are not regularly quoted in Econometrica. If, however, an

1 It is fair to say that the amount of money spent on the making of the atomic bomb is
incomparable to the money spent on the development of econometrics: Rhodes (1986)
provides an astonishing account of the magnitude and economic costs of this piece of
physical engineering.
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econometrician refers to philosophy of science, it tends to be in praise of Popper or
Lakatos. However, econometricians rarely try to falsify. Exceptions prove this rule. One
exception is the paper of Brown and Rosenthal, cited in Chapter 1, footnote 1. Without
referring to Popper these authors, who test the minimax hypothesis, write that

'To us, the empirical value of the minimax hypothesis lies precisely in its
ability to be rejected by the data.' (Brown and Rosenthal, 1990, p. 1080)

And indeed, they conclude that the hypothesis is rejected by the data. This is the
Popperian way of doing science (be it in a probabilistic setting) and, occasionally, it
yields interesting results (in particular, if a rejection points where to go next, which
is the case in the example cited). If one searches hard enough, one should be able to
find additional examples of Popperian econometrics. However, they are rare. For example,
the other empirical papers cited in footnote 1, Chapter 1, are not reconcilable with
Popper's sermons. A similar conclusion was drawn in Chapter 7, where I investigated the
search for homogeneity. And again, the tests of the Natural Rate Hypothesis versus
Keynesian models of the business cycle cannot be interpreted as Popperian efforts to
falsify a hypothesis. This picture confirms Hacking (1983, p. 15), who observes that
'accepting and rejecting is a rather minor part of science. Hardly anybody ever does

that. '
Econometricians usually are neither Popperian, nor Neyman-Pearson decision makers.

They tend to search for adequate empirical representations of particular data. This is
what positivism is all about (see Chapter 10.2). Accepting an economic theory on base of
econometric arguments 'involves as a belief only that it is empirically adequate' (Van
Fraassen, 1980, p. 12). However, empirical adequacy is too vague to serve as a guiding
principle in econometrics. For example, if 'adequate' means 'fits well', one has to
confront the problem that some empirical models cannot be less adequate than rival ones,
as Lucas pointed out when he compared (Keynesian) disequilibrium models to new-classical
equilibrium models (see Chapter 8.3). Adequacy should be supplemented by parsimony and
internal consistency (non-ad-hocness). The trade off can be investigated by means of the
modified simplicity postulate (Chapter 6.4).

It is my view that econometricians, who are interested in philosophy of science,
would benefit more from reading the methodological works of Karl Pearson, Ronald A.
Fisher and Harold Jeffreys, than from reading Popper, Lakatos, or methodological writings
on economics such as BJaug (1980) or Caldwell (1982). I will now turn to the literature
on the methodology of economics to show how they deal with econometrics.
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2.2 Econometrics in the methodological literature

Few writings in the methodology of econometrics take a probabilistic perspective.
will briefly illustrate the fate of econometrics in methodological writings, by passing
through the works of Blaug, Caldwell, Harnminga, Boland and McCloskey.

Blaug (1980) is a Popperian. He is aware that economists do not obey Popper's rules,
but instead of concluding that Popper is wrong, he complains that econometricians are
essentially lazy or negligent, by not confronting theories with tough tests. Applied
econometrics too often resembles 'playing tennis with the net down' (see the full
quotation of Blaug, 1980, p. 256, in Chapter 7.4.1). Blaug does not discuss the scope and
limits of statistical inference. Apart from a few casual remarks to Neyman-Pearson
(Blaug, 1980, pp. 20-23), there is no analysis of the (practical or philosophical)
difficulties that may arise in econometric testing. In this sense, Hendry's writings
(that are claimed to follow the conjecturalist model of inference) are complementary to
Blaug, and despite my disagreements with his view, he provides a better understanding on
how econometricians try to test, than Blaug does.

A second popular methodologist is Caldwell (cited, for example, by Spanos, 1986).
Caldwell (1982, p. 216) complains that econometricians neglect, or only make gratuitous
references to, philosophical issues. This is the only occasion in his book where the word
econometrics occurs-the index of Beyond Positivism has no entrance on related topics
such as statistics, probability, or Neyman-Pearson). Spanos (1986, Chapter 26), tries to
meet Caldwell's challenge to integrate economic methodology and econometrics. Spanos does
not discuss Caldwell's views on apriorism (see Chapter 10.3.2 and 10.5.3).

Hamminga (1983, pp. 97-101), in a case study of the theory of international trade,
discusses problems of identification and specification uncertainty in econometrics and
concludes that they results inescapably in ad hoc procedures. He concludes that 'results
of econometric research cannot in the least affect the dynamics of the Ohlin-Samuelson
programme.' (Hamminga, 1983, p. 100). This leads to mutual independence: the theoretical
developments in the theory of international trade could have gone the same way if no
econometric research had ever been done at all. If this claim holds universally, then we
may wonder what is the use of econometrics. But I do not think Hamminga's claim has such
universal status.2 For example, the theory of consumer behaviour was stimulated by the

2 'Mutual' independence suggests that econometric research could similarly continue
without taking notice of theoretical developments, which, I think, is an entirely
unwarranted conclusion. See Leamer (1984) for an extensive discussion of the empirical
literature as well as an econometric analysis of the Heckscher-Ohlin theory. Leamer does
not ask whether this theory should be accepted or rejected, but how adequate it is able
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empirical findings (think of flexible functional forms, dynamic models), and the surge in
theoretical analysis of the Permanent Income Hypothesis is largely driven by empirical
econometrics (see the recent investigations in liquidity constraints and excess
sensitivity) .

A discussion of econometrics similar in scope and contents of Caldwell's can be found
in the well known book of Boland (1982). He briefly turns to econometrics, and concludes
that

'Presentations of methodology in typical econometrics articles are really nothing
more than reports about the mechanical procedures used, without any hint of the
more philosophical questions one would expect to find in a book on methodology.'
(Boland, 1982, p. 4)

I would rather prefer to turn this upside down. Presentations of econometrics in typical
methodological articles are really nothing more than badly informed caricatures, without
any hint of the more sophisticated discussions of philosophical issues that can be found
in econometric studies like Haavelmo (1944), Vining (1949), Zellner (1971), Leamer
(1978), Sims (1980) or Hendry (1980) (I refrain from mentioning papers that appeared
after Boland wrote this passage). It is not easy to take Boland's remark seriously. He
briefly discusses the Neyman-Pearson methodology (Boland, 1982, p. 126) but does not
analyze its merits or weaknesses. More recently, though, historians have become
interested in econometrics and the philosophy of econometrics (Morgan, 1990; Epstein,
1987; the special issue of Oxford Economic Papers, 1989; see also Boland, 1989).

A final example of methodological interest in econometrics comes from McCloskey, who
claims that 'no proposition about economic behavior has yet been overturned by
econometrics' (McCloskey, 1985, p. 182; Spanos 1986, p. 660, makes the same assertion).
In Popperian terms, econometrics is a failure. I concur with McCloskey's view and share
his critique on the use of significance tests. However, I disagree with his 'rhetorical'
cure. The fact that few writers are so well versed in rhetorics as McCloskey himself,
combined with my feeling that he does not persuade (me personally, nor the majority of
the econom(etr)ics profession), should be sufficient reason to reject the rhetorical
approach to methodology on its own terms.

A serious problem in economic methodology is the ceteris paribus condition (see
Blaug, 1980, pp. 66-68; Caldwell, 1982, pp. 200-201; Klant, 1979, p. 249). Without
specifying the ceteris paribus condition and establishing its validity, it is not
possible to test hypotheses (e.g. Blaug, 1980, p. 80). Stigler (1986) argues that argues
that around 1900, statisticians solved this issue. I will now turn to this issue (see
also Chapter 5.4.2).

to represent the data.
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2.3 Ceteris paribus reconsidered

In Chapter 2, which introduced the indifference interpretation of probability, I
showed that an old problem in probabilistic inference is the classification of events in
homogeneous classes. The lack of a logical solution to this problem was the stumbling
stone that lead to the fall of the indifference interpretation. Meanwhile, Quetelet
started to fit social data to frequency curves. He found the 'normal law' everywhere. Re-
grouping of data (by taking sub-samples, for example) again yielded normal distributions.
If the empirical distributions of those data are compared, it is clear that they are not
homogeneous. Hence, instead of supporting the probability approach in social inference,
this lead to skepticism: apparently, there were too many ways to construct apparently
homogeneous groups. Social statistics were viewed as alchemy (Keynes, 1921, p. 367; see
Chapter 5.2.1). Lack of homogeneity was one of Keynes' main concerns in applying
statistical inference (see Chapter 4.2.1).

This problem is related to the ceteris paribus clause. The ceteris paribus refer to
'other variables' that are assumed to be constant. In Chapter 5.2.1, I noted that Yule
presented a method to deal with ceteris paribus: the multiple regression model. Here, one
explicitly incorporates those other variables in order to 'control' for their influence.
Hence, a distinction is made between variables of interest and other variables,
explicitly incorporated in a model, and other variables that are not specified and
grouped together as the 'innumerable causes' that are thought to determine the residual.
Did Yule indeed solve a philosopher's problem?

A positive answer would be too optimistic. In macro-econometric investigations, for
example, there still are many 'other' variables that are omitted in regression models,
hence, Yule's method has not yielded the stable and credible empirical regularities that
could be expected if Stigler's optimism would be right. In Keynes' vocabulary, there
still is too much independent variety for making specific multiple correlation models
credible (see Chapter 4, Section 2.1.2). In general, econometricians are not able to
follow Fisher's methods of randomization in order to take care of this excessive
independent variety. In most cases, the experimental design is beyond the control of the
econometrician. In this sense, I do not agree with Morgan (1990, p. 258), who argues that

'By laying out a framework in which decisions could be made about which theories
are supported by data and which are not, Haavelmo provided an adequate
experimental method for economics.'
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Using the word 'experimental' in the context of modelling to which Haavelmo referred, is
an abuse of language. This abuse was introduced by Haavelmo himself (see Chapter 6.3.1).

The Neyman-Pearson theory of inductive behaviour as well as Fisher's theory are not
'adequate' in case of specification uncertainty (Leamer, 1978). As a result, many rival
econometric models can be constructed in order to analyze the same phenomena. However,
econometricians may be able to reduce their specification uncertainty by comparing rival
models using the methods presented in Chapter 8. The modified simplicity postulate,
worked out for example in the Minimum Description Length (MDL) Principle of Rissanen
(1983), serves as a useful tool in appraising rival models. Although Rissanen is not a
Bayesian, he notes that minimizing the description length of x relative to a statistical
model with parameterization s is similar to maximizing the posterior probability Pee Ix).

The MDL principle is, therefore, closely related to the formal Bayesian approach of
Posterior Odds and may serve to reconcile frequentist and Bayesian investigators.

Apart from the new developments in comparing rival models, econometricians should
make frequent use of sensitivity analysis in order to infer how important specification
uncertainty is. There are different methods of sensitivity analysis, Extreme Bounds
Analysis (EBA) being just one of them. In Chapter 6, I discussed some of those methods.
Not Haavelmo's formal probability approach is the best way to go forward in the
probabilistic response to skepticism, but careful sensitivity analysis, identifying
historically informative episodes (Friedman and Schwartz, 1991; Summers, 1991) and
statistical scrutiny of empirical models.

3. Frequency and beliefs

3.1 Frequentist interpretations of probability and econometrics

Despite some weaknesses, Von Mises' frequency theory is an attractive 'objective'
basis for probabilistic inference. Von Mises argues that a statistician needs a
collective: no collective-no probability. His theory of induction can be summarized by
his 'second law of large numbers', which states that if one has a large number of
observations, the likelihood function will dominate the prior (see Chapter 3.2.3).
Therefore, we can ignore the problem of formulating priors. For econometrics, this has
three drawbacks. First, in many cases (in particular, time-series econometrics), the



Chapter 11. Probability, econometrics and truth 343

number of observations is rather small. Secondly, the validity of the randomness
condition is doubtful. In economics 'stable frequency distributions' rarely exist (see
Section 3.2 below, and the argument on reflexivity presented in Chapter 9.2 which may be
relevant for large samples of cross section data as well). Thirdly, even if the number of
observations increases, the 'sampling uncertainty' may decrease but the 'specification
uncertainty' remains large (Leamer, 1983; see Chapter 9.3). As a result of those three
considerations, the 'second law of large numbers' cannot be easily invoked. Perhaps not
surprisingly, Von Mises' theory of inference has not gained a foothold in econometrics.

R.A. Fisher shares the frequentist perspective, without relying on the notion of a
'collective'. His small sample approach based on hypothetical populations should appeal
to econometricians (for example, Haavelmo endorsed this interpretation). This is one
explanation for Fisher's popularity in early econometric writings. The likelihood
function is one of the basic tools of applied econometricians, it is like a 'jackknife'
(Efron, 1986; see Chapter 3.6).3 Like Von Mises, Fisher does not want to rely on the
specification of prior probability distributions when they are not objectively given. But
instead of the 'second law of large numbers', he proposes the fiducial argument. This
argument cannot be sustained (see Chapter 3.3.3). In the econometric literature, it
received the same fate as Von Mises' theory: fiducial inference is simply neglected.
Still, econometricians are tempted to interpret the likelihood as a posterior, and
frequently they interpret confidence intervals in the Bayesian way. If neither Von Mises'
approach can be sustained, nor Fisher's, then this is a troublesome state of affairs.

Neyman and Pearson, finally, device a theory of quality control in a context of
repeated sampling. They do not aim at inductive inference. Although their approach is
helpful in evaluating the qualities of different test statistics, the underlying
philosophy is not relevant to econometric inference. Econometricians are not decision
makers with explicit loss functions. Their goals are much closer to Fisher's goals of

science.

3.2 Frequentists without frequencies

One irony is that many econometricians think that Popper is their philosopher, but
behave contrary to his sermons. A second irony is that they usually interpret

3 Of course, not all econometricians rely on maximum likelihood. Fisher was opposed by
Karl Pearson, who preferred the method of moments. A similar discussion can occasionally
be found in econometrics. For example, Sargent (1981, p. 243) prefers the method of
moments because it avoids using the likelihood function.
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probabilities as relative frequencies. Again, econometricians seem to be troubled by a
'false consciousness', as their actual inferences are closer to what one might expect
from Bayesians (see also John Rust in his comment to Poirier, 1988).

The frequentist interpretation of probability uses the law of large numbers. Keynes
(1921, p. 368) argues that

'the "law of great numbers" is not at all a good name for the principle which
underlies statistical induction. The "stability of statistical frequencies" would
be a much better name for it. ( ... ) But stable frequencies are not very common,
and cannot be assumed lightly.'

Von Mises, I think, might well agree with this statement. Moreover, 'Stable frequency
distributions, as in biology, do not exist in economic variables.' This observation is
not made by a critic of econometrics, like Keynes, or an opponent of frequentist
econometrics, like Leamer, but by Tjalling Koopmans (1937, p. 58). If Von Mises'
conditions for collectives are not satisfied, it is not clear how to justify methods of
inference that are (explicitly or implicitly) based on them. Perhaps it is by means of a
leap of the imagination. For example, one might argue that 'The rigorous notions of
probabilities and probability distributions "exist" only in our rational mind, serving us
only as a tool for deriving practical statements of the type described above.' This is
not De Finetti speaking, but Haavelmo (1944, p. 48).

Koopmans, Haavelmo and many of their followers use the frequentist interpretation of
probability as a convenient metaphor. Metaphors are not forbidden in science, the 'random
numbers' that Bayesians use in numerical integration are just another metaphor. Some
metaphors are more credible than others, though. In case of the frequentist metaphor, the
credibility is limited (in particular, in cases of macro-economic time-series data). This
credibility really breaks down if adherents of the metaphor still pretend that their
method is 'objective', unlike rival methods like Bayesian inference (see Section 4.2
below).

3.3 The Frequentist-Bayes compromise

The debate on the foundations of probability has not resulted in a consensus.
However, some efforts to reconcile the frequentist approach with the Bayesian have been
made. De Finetti proposed the representation theorem for this purpose; it was discussed
in Chapter 4.3.3. I do not think that this theorem served to settle the debate. Another
effort to build a bridge is Miller's Principle, which is presented in Howson and Urbach
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(1989) and Van Fraassen (1989). The principle states that the personal probability that A
is the case, given that the 'objective chance' of A, ch(A) , equals x, equals x, i.e.:

peA Ich(A) =x) = x (11.1)

A similar condition for conditional probability statements can be given (see Van
Fraassen, 1989, p. 202). Hence, it is possible to use objective interpretations of
probability (in particular, the interpretations of the propensity theory) in a
personalistic theory of probability. It does not enable one to make the fiducial Gestalt
switch, of interpreting a frequentist confidence interval, given data, in the Bayesian
way.

A rather different motivation for introducing objective probability into an overall
subjective theory of inference is given by Box (1980). He suggests to use frequency
methods to formulate a model (this is the specification search) and subsequently use
Bayesian methods for purposes of inference and testing. This advice is not rooted in deep
philosophical convictions but more pragmatically inspired by the view that frequentist
methods are better suited for diagnostic testing. Indeed, it is not uncommon to encounter
a Durbin-Watson statistic in Bayesian analyses. Such statistics reveal whether residuals
contain relevant information: such information is relevant in the context of Bayesian
inference (see Chapter 6, Section 2.3.2). What is not valid in this context, is to
interpret frequentist statistics in frequentist terms.

Good (1988) argues that in a frequentist-Bayes compromise, the Bayes factor against a

null hypothesis might be approximated by 11pIN, where P is the P-value and N the sample
size. In order to avoid Berkson's (1938) paradox, a frequentist statistician should
decrease the significance level of a test if the sample size increases. According to
Good's rule, a sample of 50 observations would warrant a P-value of 0.14, whereas the
conventional 5 % significance level is appropriate for sample sizes of 400 observations.
This is rarely practiced in econometrics, even if Good's proposal is strengthened: the
correlation between P and N in empirical papers in the Journal of Econometrics (1973-
1990) is even positive (see Keuzenkamp and Magnus, 1994, for evidence).

4. Farewell to truth

The alternative responses to Humean skepticism, presented in Chapter 1, have different
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views on the status of truth in scientific inference. Apriorists believe they can obtain
'true' knowledge by thinking. Popperians come 'closer to the truth' by weeding out false
propositions. Conventionalists, like Hume himself, and pragmatists like Peirce, do not
think that the notion 'truth' is very helpful in the development of knowledge. In the
probabilistic response, two schools oppose each other: frequentists, who praise 'truth',
and epistemologists, who join Hume and the pragmatists in their farewell to 'truth'.

4.1 Truth and probabilistic inference

4.1.1 Frequentist probability and truth
The title of this thesis is a pun, referring to the book of the positivist

probability theorist, Richard von Mises: Probability, statistics and truth. Von Mises
argues for a frequentist interpretation of probability, use this for the statistical
methods of inference, and apply it in empirical research. This will pave the way to
'truth', where his understanding of truth is a positivist one. Von Mises' 'truth'
primarily refers to the 'true' value of the first moment of a distribution (cf. Von
Mises, 1957, p. 222). Von Mises aims to show that, 'Starting from a logically clear
concept of probability, based on experience, using arguments which are usually called
statistical, we can discover truth in wide domains of human interest.' (Von Mises, 1957,
p. 220).

The frequentist interpretation of probability presumes a state of 'truth', which not
only is to be discovered but also enables one to define consistency of estimators and
similar notions. Von Mises' probability limits are his 'truth'. Fisher argues that the
parameters that one tries to infer are 'true' but unknown constants, characterizing
specific probability distributions. If you know a priori that a specific distribution is
valid, then this way of arguing may be fruitful.f And indeed, Fisher has tried to justify
the application of specific distributions, in particular the normal distribution, by his
theory of experimental design (Fisher, 1935). Haavelrno is influenced by Fisher's
interpretation of 'truth'. Consider, for example, the following statement:

'the question arises as to which probability law should be chosen, in any given
case, to represent the "true" mechanism under which the data considered are being
produced. To make this a rational problem of statistical inference we have to
start out by an axiom, postulating that every set of observable variables has

4 Remember, though, from Chapter 3, that Von Mises does not accept Fisher's
interpretation of unknown but 'true' constants. For Von Mises, the limit is the truth,
the parameters are still stochastic.
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associated with it one particular "true," but unknown, probability law. '
(Haavelmo 1944, p. 49)

(the way to interpret this statement is that there is a specific probability
distribution, of which the 'true' parameters are unknown). But, unlike Fisher,
econometrics has no theory of experimental design that validates the choice of a specific
distribution (see Section 2.3 and Chapter 5.4 above). The recent rise of non-parametric
inference is a (late) response to this defect, the alternative is to elaborate a theory
of specification search (Leamer, 1978).

4.1.2 Truth and belief
De Finetti (1931) writes that, 'As a boy I began to comprehend that the concept of

"truth" is incomprehensible'. The epistemological interpretation of probability has no
need for 'truth'. Instead, it emphasizes belief, as for example in Keynes' writings:

'Induction tells us that, on the basis of certain evidence, a certain conclusion
is reasonable, not that it is true. If the sun does not rise tomorrow, if Queen
Anne still lives, this will not prove that it was foolish or unreasonable of us
to have believed the contrary.' (Keynes 1921, p. 273)

Keynes is interested in rational belief, not truth. This distinguishes him from Popper,
who is after truth. Keynes' perspective is shared by Peirce, as the epigraph to this
chapter shows. In his discussion of pragmatism, he writes:

'If your terms 'truth' and 'falsity' are taken in such senses as to be definable
in terms of doubt and belief and the course of experience (as for example they
would be if you were to define the 'truth' as that to a belief in which belief
would tend if it were to tend indefinitely toward absolute fixity), well and
good: in that case, you are only talking about doubt and belief. But if by truth
and falsity you mean something not definable in terms of doubt and belief in any
way, then you are talking of entities of whose existence you can know nothing,
and which Ockham's razor would clean shave off.' (peirce, 1905, p. 189).

Peirce (1958, p. 398), in a letter dated 1908, Dec. 23, concludes 'I cannot infallibly
know that there is any Truth.' The only way to interpret Truth is the limit of inquiry,
where a scientific community settles down. But we can never be sure that this settlement
is a fmal one. There is no necessity that a consensus will emerge, we can only hope for
it (see also Hacking, 1990, p. 212; Rescher, 1978). According to Peirce, there is no
truth to start with that can be inferred by means of induction, but truth is what
induction gives (Hacking, 1990, p. 213).

Peirce subscribes to the growth of knowledge school, which believes that science
becomes more and more accurate (empirically adequate). This was a mainstream view held by
physicists around the end of the nineteenth century (see Rescher, 1978, pp. 23-24). It
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was even thought that most major discoveries had been made, physics was virtually
finished. This reminds us of Keynes (1921, p. 275), who warns:

'While we depreciate the former probability of beliefs which we no longer hold,
we tend, I think, to exaggerate the present degree of certainty of what we still
believe. '

4.2 The seduction of objectivity

Objective knowledge is tempting. It is a favourite goal in (neo-) Popperian wntmg.
Objectivity also is a theme that splits the statistics (and econometrics) community.
According to Efron (1986, p. 3), objectivity is one of the crucial factors separating
scientific thinking from wishful thinking. Efron thinks that, 'by definition', one cannot
argue with a subjectivist and, therefore, Efron rejects De Finetti's and Savage's
subjectivist interpretation of probability as 'unscientific' . Efron (1986, p. 331) adds
that measures of evidence that can be used and understood by the 'scientist in the
street' deserve the title 'objective', because they can be directly interpreted by the
members of the scientific community. As the Fisherian methods of inference form the most
popular language in statistics, they are the objective ones. If we would take this
argument seriously, then objectivity is what the majority thinks. This is like Peirce's
conception of 'truth', discussed above, with a twist however. According to Efron,
objectivity is something that pleases and seduces the scientist. If objectivity is what
the majority believes, and objectivity is aimed for, this leads to un-critical herd
behaviour. Indeed, 'The false idol of objectivity has done great damage to economic
science.' (Leamer, 1983, p. 36) Moreover, if objectivity is interpreted as a democratic
group decision, and the members of the group do not share the same utility (or loss)
function, then there may be no rational group decision (Savage, 1954, p. 172ff). This
argument resembles Arrow's impossibility theorem.

The debate on 'objective' versus 'subjective' is not fruitful. In a sense, all
methods that are well explained by a researcher, are 'objective'. If it can be
replicated, it is objective. Inference, in this sense, usually is objective, whether from
a frequentist or a Bayesian perspective. Similarly, the data are both for Bayesians and
for non-Bayesians 'objective'. The real issue is that there is no unique way to get rid
of specification uncertainty. The interpretation is always bound to human caprice. If

interpretations of different researchers converge, then we might say that the state of
knowledge has increased. But this convergence should not be pre-imposed by a frequentist
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tyrant.5 Neither is one approach to econometric modelling only true (as Koopmans, 1947,
tried to argue). Summers (1991) calls this 'the scientific illusion in macroeconomics'.

4.3 Limits to probabi/ism

A proper analysis of inference with respect to probabilistic hypotheses is of central
importance for a sound methodology. Epistemological probability is the tool that serves
this analysis. However, cognitive limitations prohibit an ideal use of Bayes' theorem.
Scientists are not able to behave like grand-world bookmakers. Even if they face true
decision problems, they usually have to construct a 'small world' which may be an
improper reduction of the 'large world'. This may lead to 'surprise' (Chapter 9.3) and
re-specifying the 'small world': the 'window' is broken (Savage, 1954; Poirier, 1988,
1991). Fully coherent behaviour, such as proposed by De Finetti, is superhumanly. De
Finetti's claim that the key to every activity of the human mind is Bayes' theorem is
untenable. It would make the rational individual a robot (or Turing machine), which may
be a correct interpretation of rationality, but the creative individual would be better
off if he could escape from the probabilistic 'kinematics' (Jeffrey, 1983) imposed by the
principle of inverse probability. Creativity is the process of changing horizon, moving
from one small world to another one. If large world inference is beyond human reach, then
creativity (which is by nature hard to model) and incoherent behaviour are indispensable.
The possibility to revise plans is typical for human beings. Perhaps the ability to break
with coherency is the most precious gift to humanity.

Incoherent behaviour is to sin against the betting-approach of Bayesian inference,
the one proposed by Ramsey, De Finetti and Savage. However, to sin may be useful, as was
already known to the scholastics.v If Reverent Bayes' theorem is to be useful, then he
should allow us to sin and disregard the plea for strict coherency. Van Fraassen (1989,
p. 176) suggests to adopt a liberal version of Bayesian inference, in which a certain
amount of voluntarism is accepted. He compares this voluntarism with English law, where

5 See also A.F.M. Smith (in his comment to Efron, 1986). Note how statisticians use
rhetorical methods to make their points. Fisher rejects the Neyman-Pearson methodology as
a 'totalitarian' perversion (see Fisher, 1956, p. 7; Fisher, 1956, pp. 100-102 and
Chapter 3.3.3, above). Similarly, Smith rejects Efron's interpretation Fisher'S
methodology, because 'Any approach to scientific inference which seeks to legitimize an
answer in response to complex uncertainty is, for me, a totalitarian parody of a would-be
rational human learning process.' (Smith, in Efron 1986, p. 10).
6 'Multae utilitates irnpedirentur si omnia peccata districte prohiberentur' (Thomas
Aquinas, Summa Theologia, II. ii, q. 78 i), i.e. much that is useful would be prevented
if all sins were strictly prohibited.



350 Part Ill. Truth

anything not explicitly forbidden is allowed. Orthodox Bayesianism, on the other hand, is
better compared with Pruss ian law, where anything not explicitly allowed is forbidden
(Van Fraassen, 1989, p. 171).

Apart from the impossibility of fully coherent behaviour, supporters or the
probabilistic approach to inference have to face the problem of specifying prior
probability distributions. Keynes (1921) already pointed to the problem of obtaining
numerical probabilities. Many empirical investigators who have tried to use Bayesian
methods for empirical inference have experienced this problem for themselves. Jeffreys
tried to circumvent this by means of a theory of non-informative prior probability
distributions. Although this theory is useful, it is not always satisfactory (for
example, when models of different dimension have to be compared). The theory of universal
priors is the most elaborate effort to improve Jeffreys' methods. In Chapter 4.4.5, I
showed that this approach runs counter to a logical problem of non-computability, the so-
called 'halting problem'. 'True' prior distributions for empirical applications do not
generally exist. If sufficient data become available, this problem is relatively
unimportant. Furthermore, an investigator may try different prior probability
distributions in order to obtain upper and lower limits in probabilistic inference (this
approach is proposed by Good and Leamer).

A third limitation to probabilistic inference is due to reflexivity. This undermines
the convergence condition in frequentist inference. However, as argued in Chapter 9, a
Bayesian investigator does not have to convert to extreme skepticism. The possibility of
instability does not invalidate the rationality of induction: see Keynes' statement about
Queen Anne, cited above.

The limitations discussed here suggest that probabilistic inference remains
ultimately conjectural. This is nothing to worry about, and it is a view shared by (neo-)
Popperians.

4.4 Econometrics and positivism

In Chapter 10, I argued that econometrics belongs in the positrvist tradition. It is
a tradition with different niches, encompassing the views of divergent scientists as
Pearson, Fisher, Jeffreys, Von Mises and Friedman. In the recent philosophical
literature, positivism has been given a new impulse by Van Fraassen (1980). He argues for
'empirically adequate representations' of the data. If this is supplemented by a theory
of simplicity, it becomes possible to formalize adequacy and show how both theory and
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measurement can be used in probabilistic inference.
The traditional positivist picture of science is one of steadily progress. K. Pearson

(1911, pp. 96-7), for example, argues that the progress of science lies in the invention
of more general formulae that replace more complex but less comprehensive 'laws' (mental
shorthand for descriptions of the phenomena). 'The earlier formulae are not necessarily
wrong.? they are merely replaced by others which in briefer language describe more
facts.' (1911, p. 97). Jeffreys, who admirers of Pearson's Grammar of Science, presents a
view of science that resembles Pearson's:

'Instead of saying that every event has a cause, we recognize that observations
vary and regard scientific method as a procedure for analyzing the variation. Our
starting point is to consider all variation as random; then successive
significance tests warrant the treatment of more and more as predictable, and we
explicitly regard the method as one of successive approximation.' (Jeffreys,
1957, p. 78)

feel sympathetic to this view, although this does not imply that there should be a
convergence of opinions (in Peirce's view, this is the same as convergence to truth).
This early positivist's view of growth of knowledge may be too simplistic in general, as
in economics the researcher tries to represent a 'moving target', due, for example, to
unpredictable unstable behaviour or reflexivity (see e.g. Chapter 9.2). Still, in many
cases, the target moves slowly enough to enable the investigator to obtain better models
(empirically adequate and parsimonious); the analysis of consumer behaviour is a good
example.

5. Summary

Economic methodology has only recently become interested in econometrics. This is a pity,
as probabilistic inference is one of the strong contenders among the responses to Humean
skepticism. Econometrics is, therefore, if particular interest. Analyzing the merits and
limits of econometrics should be an important activity of methodologists. In this thesis,
I have tried to fill some of the gaps in the methodological literature.

7 Pearson adds a footnote here, that reads: 'They are what the mathematician would term
"first approximations," true when we neglect certain small quantities. In Nature it often
happens that we do not observe the existence of these small quantities until we have long
had the "first approximation" as our standard of comparison. Then we need a widening, not
a rejection of "natural law. '"
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My interpretation of econometric inference is neither (neo-) Popperian, nor
conventionalistic. Instead, have argued that econometricians, who search for
philosophical roots, should turn to an old tradition that has been declared dead and
buried by most economic methodologists: positivism. The works of Pearson, Fisher and
Jeffreys deserve more attention than those of the most popular philosopher among
economists, Popper. Econometrics is not a quest for truth. Econometric models are tools
to be used, not truths to be believed (Theil, 1971, p. vi). And I agree with a warning,
expressed by Haavelmo (1944, p. 3), 'it is not to be forgotten that they [our
explanations] are all our own artificial inventions in a search for an understanding of
real life; they are not hidden truths to be "discovered".'

Clearly, econometricians have not been able to solve all their problems. In
particular, specification uncertainty hampers probabilistic inference. Econometric
inference is handicapped by the lack of experimental data (Fisher's context) or large and
homogeneous samples (Von Mises' context). Neither have econometricians, privately or as a
group, well specified loss functions on which Neyman-Pearson decisions can be based.
Hence, the fact that most econometricians still subscribe to the frequentist
interpretations of probability is puzzling. Some explanations can be given. Frequentist
tools serve to describe and organize empirical data. They can be used as tools to obtain
hypotheses. This is Friedman's interpretation of Tinbergen's work; see Chapter 5.3), it
is also the view of Box (1980). The next step, inference (estimating parameters, testing
or comparing hypotheses, sensitivity analysis) is very often done in an informal-Bayesian
way, as if the investigator had used a non-informative prior all along. An interesting
survey paper could be written that shows when this informal Bayesian procedure works
well, and when it does not.

Neither the official frequentist methods, nor the official Bayesian methods, are able
to deal adequately with specification uncertainty. A statement of the founder of the
probabilistic approach to inference, Laplace, is particularly appropriate:

'The theory of probability has to deal with considerations so delicate, that it
is not surprising that with the same data, two persons will find different
results, especially in very complicated questions. ' (Laplace, cited in K.
Pearson, 1978, p. 657).

It may be reassuring to those economists, who expected in vain to obtain 'true' knowledge
from econometricians, but who are disappointed by the conflicting pieces of evidence that
Econometrica provides. In such cases, the probabilistic approach will not be worse than
apriorism, conventionalism, or falsificationism. We will never know the truth. Probably.
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Samenvatting (Summary in Dutch)

Sinds Tinbergen in 1939 zijn baanbrekende studie 'Statistical testing of business cycle
theories' publiceerde, heeft er een debat gewoed over de grenzen en mogeJijkheden van de
econometrie. Dit debat werd gevoerd door econometristen onderling, maar ook met kritische
buitenstaanders, zoals Keynes. Tot op de dag van vandaag bestaan er meningsverschillen
die in grote mate zijn terug te voeren op discussies die al door de grondleggers van de
waarschijnlijkheidstheorie en econometrie werden gevoerd. In Probability, econometrics
and truth ('Waarschijnlijkheid, econometrie en waarheid') ga ik in op de grondslagen van
de waarschijnlijkheidsrekening en de relevantie ervan voor empirisch econometrisch
onderzoek.

Een belangrijke vraag die aan de orde komt is of economen hun theorieen kunnen en
moeten toetsen. Volgens de (onder economen) populaire wetenschapsfilosoof Popper is
toetsbaarheid van theorieen het wezenlijke kenmerk van wetenschap. De ware wetenschapper
probeert theorieen te weerleggen. Navolgers van Popper, zoals BJaug en Klant, vinden dat
economen beter hun best moeten doen om theorieen te toetsen of althans dienen te streven
naar het formuleren van weerlegbare theorieen. Het Popperiaanse ideaal wordt ook door
econometristen nog al eens gepredikt. Er is echter goede reden om afstand van dit ideaal
te nemen.

Allereerst is Popper's falsificatie-criterium vooral logisch van aard (waar-onwaar),
terwijl de empirische wetenschapper veeleer te maken heeft met kans-oordelen
(waarschijnlijk-onwaarschijnlijk). Ten tweede is de empirische onderzoeker meer
geinteresseerd in het formuleren van empirische modellen die een bevredigende
interpretatie van de werkelijkheid opleveren, dan in het weerleggen van die modellen of
theorieen, Het gros van empirisch onderzoek is althans ten dele (impJiciet) inductief. De
vraag is of waarschijnlijkheidstheorie zich leent voor het maken van inductieve
kansoordelen over de ge1digheid van wetenschappelijke hypotheses.

Net als de economie kent de waarschijnlijkheidstheorie verschillende scholen. De
hoofdstromingen in de waarschijnlijkheidstheorie zijn gebaseerd op relatieve frequenties
en op rationele waarschijnlijkheidsopvattingen. Onder de eerste categorie is baanbrekend
werk verricht door Von Mises, Fisher en het duo Neyman en Pearson. De tweede groep, die
ook wei als de Bayesiaanse school te boek staat, wordt onder meer vertegenwoordigd door
Keynes, Camap, De Finetti en Jeffreys.

De meest heldere relatieve frequentie-theorie is geformuleerd door de POSItiVIst Von
Mises. Hij beschouwt kans als een limiet van het voorkomen van bepaalde gebeurtenissen
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ten opzichte van het totaal van gebeurtenissen, waarbij voldaan dient te zijn aan
convergentie naar een stabiele waarde en aan een toevals-eis. Kans is een asymptotisch
begrip, maar wordt empirisch geinterpreteerd. Von Mises verwerpt het gebruik van
waarschijnlijkheidsrekening bij kleine steekproeven, zoals geregeld in de economie
voorkomen. Dat is een belangrijk verschil met de theorie van Fisher. Maar zowel Von Mises
als Fisher beschouwen waarschijnlijkheidsrekening als een middel voor het doen van
inductieve uitspraken omtrent de waarschijnlijkheid van theorieen, gegeven data:
kansoordelen 'a posteriori'. Eigenlijk is voor het doen van zulke uitspraken de Stelling
van Bayes nodig. Toepassing daarvan vereist de specificatie van een kansoordeel 'a

priori' over de waarschijnlijkheid van de theorie. Echter, Von Mises en Fisher vermijden
het gebruik van de Stelling van Bayes. Von Mises beroept zich op de 'tweede wet van de
grate aantallen', waaruit zou volgen dat bij gebruik van grote steekproeven de a priori
kansverdeling volledig gedomineerd wordt door de verdeling van de waarnemingen. Voor
economen biedt dit weinig soelaas, daar zij meestal afuankelijk zijn van beperkte
steekpraeven. Ook is de keuze van de verdeling a priori van groot belang indien de
waarnemingen niet stationair zijn, zelfs ais het aantal waarnemingen groot is. Een ander
bezwaar tegen de theorie van Von Mises is meer formeel van aard, en heeft te maken met
een gebrek in Von Mises' toevals-eis. Een bezwaar dat specifiek voor de sociale
wetenschappen van toepassing is, is de mogeIijkheid van 'reflexiviteit'. Hiervan is
bijvoorbeeld sprake in geval van zichzelf vervullende voorspellingen ('de aandelenkoersen
gaan stijgen'). In die situatie is er geen sprake van convergentie naar stabiele
kansverdelingen.

Fisher heeft getracht met een theorie van 'fiducial inference' het gebruik van
verdelingen a priori te ornzeilen. Deze theorie kan als mislukt worden beschouwd. Een
andere bijdrage van Fisher is wei succesvol geweest, met name in aan de biologie
gerelateerde wetenschappen. Dit is de theorie van vormgeving van experimenten. Met deze
theorie was Fisher in staat om van te voren goed gespecificeerde modellen te formuleren.
Hoewel deze theorie met name door Haavelmo veelvuldig wordt geciteerd, is er geen sprake
van dat economen er gebruik van kunnen maken. Economen verkrijgen hun data meestal zonder
inspraak in de opzet van 'maatschappelijke experimenten' (zoals het creeren van een
recessie). Desondanks biedt de wetenschapstheorie van Fisher veel aanknopingspunten voor
economen. Ook is een groot aantal van zijn technieken zeer bruikbaar. Vooral de methode
van maximale aannemelijkheid wordt vaak gebruikt. Daarbij voIgt de interpretatie van
kans-uitspraken en statistische toetsen impliciet meestal die van Fisher, waarbij
Fisher's interpretatie grate gelijkenis vertoont met een formeel Bayesiaanse
interpretatie. Econometristen zijn eigenlijk crypto-Bayesianen. Dit wordt echter zelden
toegegeven. Liever beraepen econometristen zich op Neyman en Pearson.

Inderdaad is een derde weg uitgezet door dit tweetal. Neyman en Pearson baseren hun
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theorie op het behaviourisme, de theorie die feitelijk gedrag als uitgangspunt neemt.
Hoewel soms betoogd wordt dat de Neyman-Pearson theorie de statistische uitwerking is van
Popper's denkbeelden, is deze bewering zowel historisch als inhoudeIijk onjuist. De
theorie van Neyman en Pearson werd eerder geformuleerd en heeft andere doelstellingen.
Hun theorie van toetsen gaat uit van het minimaliseren van het maken van foute
beslissingen. Gegeven een significantie-niveau wordt het vermogen van toetsen om foute
hypothesen te verwerpen gemaximaliseerd. Dit significantie-niveau is conventioneel
bepaald en wordt meestal geIijk gesteld aan 1% of 5% (conventies die mede door Fisher's
toedoen zijn ontstaan). Het beoogde toepassingsgebied van de theorie is een situatie van
herhaaldelijk trekken van steekproeven uit een homogene populatie (denk aan
kwaliteitscontrole in produktie-processen). Helaas is dit een context die nauwelijks
relevant is voor economen. Ook de keuze van significantie-niveaus is wiIIekeurig en doet
vaak geen recht aan de mate waarin een hypothese van de werkelijkheid verschilt. Hoewel
de Neyman-Pearson theorie een grote vlucht genomen heeft in de econometrische theorie
(onder meer dankzij het werk van Haavelmo en Koopmans), is het belang ervan voor
empirisch onderzoek beperkt.

De tweede hoofdstroming in de waarschijnlijkheidstheorie is gebaseerd op rationele
waarschijnlijkheidsopvattingen. Dit is de epistemologische of Bayesiaanse benadering, die
aanvankeIijk door Bayes en Laplace is ontwikkeld. Na een peri ode van verguizing is ze
weer in de belangstelling gekomen door publicaties van Keynes en Jeffreys. Ook hier is er
sprake van verschillende interpretaties. Keynes meent dat er in een groot aantal
situaties geen mogeIijkheid is om goed afgewogen kansuitspraken te doen. Er is dan sprake
van beperkte rationaliteit. Conventies kunnen hier een nuttige rol spelen. In zulke
gevallen is het soms weI mogeIijk om ordinale kansuitspraken te doen. Niet altijd, want
een voorwaarde voor het vellen van zulke oordelen is het principe van beperkte
onafhankeIijke verscheidenheid. Een bepaald gevolg mag niet oneindig veel mogelijke
oorzaken hebben. In dat geval is de kans a priori dat een bepaalde oorzaak de werkelijke
is nihil, zodat ook de kans a posteriori nihil is. Jeffreys heeft mede op grand hiervan
een postulaat van eenvoud voorgesteld: sim~ele theorieen hebben een hogere kans a priori
dan complexe theorieen. Dit postulaat is echter tameIijk arbitrair en heeft veel kritiek
te verduren gehad. Het formuleren van kansverdelingen a priori is het grote struikelblok
bij het toepassen van de Bayesiaanse waarschijnlijkheidsrekening. Recent is er echter een
goede vorm aan het eenvouds-postulaat gegeven in het werk van Solomonoff en Rissanen.
Indien deze denkbeelden met die van Jeffreys worden gemtegreerd ontstaat er een
aanvaardbare theorie van het maken van wetenschappelijke gevolgtrekkingen (,scientific
inference'). Een bijprodukt van deze informatie-theoretische benadering is dat Von Mises'
toevals-eis een deugdeIijke vorm krijgt.
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Toen Tinbergen zijn werk over het toetsen van conjunctuurgolf-theorieen publiceerde,
ontstond discussie over de mogelijkheden van de waaarschijnlijkheidsrekening voor de
economie. Keynes meende dat bij Tinbergen's toepassingsgebied niet voldaan was aan de
logische voorwaarden voor de geldigheid van zinvolle kansuitspraken. Dit is met name het
geval bij het verklaren van investeringen. Deze zijn, volgens Keynes, sterk afhankelijk
van verwachtingen van toekomstige opbrengsten. Zulke verwachtingen zijn onderhevig aan
een veelheid van menselijke wispelturigheid en sentimenten. Het principe van beperkte
onafhankelijke verscheidenheid is daardoor niet geldig. Waarschijnlijkheidsuitspraken
omtrent verschillende economische theorieen waarin de verklaring van investeringen een
belangrijk onderdeel is, zijn daarom ongegrond. In tegenstelling tot de opvatting van
Morgan meen ik dat Keynes' kritiek niet uit eigenwijsheid voortvloeit, maar logisch voigt
uit zijn opvattingen over waarschijnlijkheid. Indien echter Jeffreys' theorie met het
verbeterde eenvouds-postulaat wordt geaccepteerd, zijn de mogelijkheden die economen
hebben om waarschijnlijkheidstheorie toe te passen minder hopeloos dan Keynes meende.

Een tweede bezwaar dat Keynes tegen Tinbergen's werk had was dat Tinbergen een grote
mate van vrijheid genoot bij het specificeren van zijn empirische model. Hiermee
anticipeerde Keynes latere discussies over 'data mining'. Tinbergen ontving soortgelijke
kritiek van Friedman. Friedman argumenteerde dat statistische toetsen niets zeggen over
de kwaliteit van theorieen indien empirische modellen zodanig gespecificeerd worden dat
ze goed 'scoren' bij zulke toetsen. Friedman erkende dat het toepassen van
waarschijnlijkheidsrekening tot interessante empirische modellen kon leiden, maar yond
dat de waarde van deze modellen pas bepaald kan worden door ze met nieuwe data toe te
confronteren.

Economen zijn echter te ongeduldig om eindeloos op nieuwe data te wachten. Er is dan
ook uitgebreid gewerkt aan het formuleren van strategieen voor het maken van empirische
modellen, waarbij de onzekerheid over de specificatie aan banden wordt gelegd. Een
belangrijke bijdrage is geleverd door Hendry, die de statistische reductie-theorie heeft
ontw~eld. Hendry meent dat er een Data Genererend Proces (DGP) is, waar het empirisch
model uit kan en moet worden afgeleid. Stapsgewijze 'reductie' van een zeer uitgebreid
naar een tamelijk eenvoudige specificatie leidt, aldus Hendry, tot goede modellen, mits
aan een aantal statistische schoonheidscriteria wordt voldaan. Deze reductie is in eerste
instantie irnpliciet, omdat het DGP helaas onbekend is. Er wordt, bij gebrek aan beter,
daarom een tamelijk algemeen omvangrijk model gespecificeerd dat geacht wordt de
belangrijkste kenmerken van het DGP te omvatten. Vervolgens wordt getracht dit model
stapsgewijs te vereenvoudigen, totdat statistische toets-grootheden een protest laten
horen. Tenslotte wordt gekeken of het zo gevonden model rivaliserende modellen 'omvat',
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dat wi! zeggen, de empirische karakteristieken van die modellen kan verklaren. Volgens
Hendry is deze werkwijze een uitwerking van de opvattingen van Popper en Lakatos. Het zou
een 'progressieve onderzoeksstrategie' zijn. lk: laat echter zien dat deze anologie met
opgaat, omdat Hendry's werkwijze niet gericht is op het voorspellen van nieuwe feiten.
Een ander bezwaar tegen Hendry's strategie is dat, bij stapsgewijs toetsen, de
interpretatie van toets-grootheden problematisch is.

Een andere manier om met specificatie-onzekerheid om te gaan is bezien in hoeverre
deze onzekerheid tot onzekerheid omtrent specifiek gewenste informatie leidt, zoals de
waarde van een elasticiteit. Leamer heeft hiertoe een methode van grenswaarden
geformuleerd. Deze methode heeft belangrijke beperkingen, onder andere omdat grenswaarden
bepaald kunnen worden door specificaties die bij nadere beschouwing niet serieus genomen
kunnen worden. Tevens kan worden aangetoond dat de informatie die via deze methode wordt
verkregen gemakkelijker via de meer gangbare statistische toetsen kan worden verzameld.
Desaltniettemin kan Leamer's methode, aangevuld met enkele verfijningen, soms een nuttige
aanvulling leveren bij empirisch onderzoek.

Een derde manier om arbitraire specificaties te verrnijden is om de specificatie
volledig door de data te laten bepalen, en ongeloofwaardige economisch-theoretische
restricties achterwege te laten. Sims heeft getracht de methode van vector-auto-
regressies hiervoor geschikt te maken. Zijn methode beperkt zich tot de context van
tijdreeksmodellen. Zodra het op interpreteren van data aankomt, moet deze methode worden
aangevuld met het soort arbitraire restricties dat juist vermeden werd. Bovendien
bevatten stelsels van auto-regressies in de praktijk veel te veel parameters die geschat
moeten worden. De modellen moeten daarom vereenvoudigd worden, restricties die door de
economische theorie worden gesuggereerd kunnen daartoe een efficiente hulp zijn. Sims'
methode is derhalve met geschikt om het probleem van specificatie-onzekerheid op te
lossen. De meest succesvolle toepassingen van vector-autoregressies kunnen dan ook
gevonden worden in situaties waar een strikt theoretisch keurslijf van toepassing is.

Een geheel andere invalshoek om met specificatie-onzekerheid om te gaan wordt
gevonden door uit te gaan van het postulaat van de eenvoud. Intuitief wordt aan
eenvoudige theorieen en modellen vaak voorkeur gegeven. Deze intuitie wordt
gerechtvaardigd door het toepassen van inzichten uit de algoritrnische informatie-theorie.
Deze theorie is mede ontwikkeld door Turing, Kolmogorov en Solomonoff. In de
waarschijnlijkheidstheorie is ze verder uitgewerkt door onder meer Rissanen. Fisher's
methode van maximale aannemelijkheid, waarbij de specificatie gegeven is, wordt nu
veralgemeniseerd door een reeks van specificaties te vergelijken. Er wordt een afweging
gemaakt tussen complexiteit van de specificatie en de mate waarin de specificatie de data
kan beschrijven. De specificatie die de voorkeur in deze afweging krijgt heeft optimale
voorspel-eigenschappen. Met behulp van dit inzicht is het tamelijk eenvoudig om
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rnethodologische struikelblokken zoals het probleem van Duhem en Quine te lijf te gaan.
Een probleem is echter dat er logische grenzen zijn aan het verwerken van informatie, het
'halting'-probleem (dat verwant is aan Godeliaanse onvolledigheid). Dit is in wezen een
formele uitwerking van de situatie van beperkte rationaliteit zoals die reeds door Keynes
werd geanticipeerd. Bij de feitelijke toepassing van de inzichten van algoritmische
informatietheorie is dan ook een zeker pragmatisme nodig.

Indien we kijken naar hoe econometristen te werk gaan bij het toetsen vna theorieen,
dan blijkt er een groot verschil te zijn tussen schijn en werkelijkheid. Een voorbeeld is
de micro-economische studie van het consumentengedrag. Sinds eind jaren zestig is er, in
navolging van Barten, veelvuldig gekeken naar de vraag of vraagfuncties homogeen van de
nulde graad zijn (een proportionele verandering van alle prijzen en inkomens leidt dan
niet tot ander consumptiegedrag). Statistische toetsen, meestal gebaseerd op de theorie
van Neyman en Pearson, gaven herhaaldelijk verwerping van deze hypothese aan. In
werkelijkheid werd de hypothese noch de achterliggende theorie van het consumentengedrag
verworpen, maar stond de betreffende specificatie op het spel. In plaats van
falsificaties zoals door Popperianen worden bepleit, is er sprake van een specificatie-
speurtocht naar homogeniteit. Bovendien werd meer aandacht gegeven aan vertekening van
statistische toetsen in geval van kleine steekproeven. Overigens leiden de toetsen
gebaseerd op de Neyman-Pearson theorie ook in grate steekproeven tot complicaties.
Immers, gegeven een significantie-niveau loopt een scherpe nul-hypothese toenemende kans
om weerlegd te worden naarmate de steekproefomvang groeit. Er is een fundamenteel
verschil tussen statistische significantie en economische importantie. Ook hier zou
toepassing van het postulaat van eenvoud een uitweg kunnen bieden.

Het ideaal van toetsen is volgens sommigen pas bereikt indien er een levensvatbaar
alternatief voorhanden is, zoals in het geval van de vete tussen Keynesianen en nieuw-
klassieken. Het blijkt echter bepaald niet gemakkelijk om zulke alternatieven op
statistische wijze met elkaar te confronteren. Toetsen die geschoeid zijn op
frequentistische leest lijden aan de problemen die eerder reeds genoemd zijn, maar nu ook
aan het probleem dat ze tot tegenstrijdige uitkomsten kunnen leiden, afhankelijk van
welke hypothese als referentiekader wordt uitverkoren. De symmetrische methode, bepleit
door Hotelling en meer recent door Vuong, is in dit opzicht aantrekkelijker maar lijdt
aan een gebrek aan weerleggingsvermogen. Bayesiaanse technieken zijn vanuit
methodologisch oogpunt bezien superieur omdat ze leveren wat de klant wenst (narnelijk
waarschijnlijkheidsuitspraken over rivaliserende theorieen), maar de toepassing ervan is
gecompliceerd door de noodzaak tot het formuleren van kansverdelingen a priori. De
relatief gemakkelijk toepasbare informatie-criteria, die kunnen worden afgeleid door
toepassing van het postulaat van eenvoud, zijn echter nauw verwant aan het zuiver
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Bayesiaanse 'posterior odds' -criterium.

Succesvolle toepassingen van de econometrie passen niet binnen het keurslijf van de
Popperiaanse wetenschapsopvatting. Ook de verwante hypothetisch-deductieve benadering
(met woorden omarmd door Haavelmo, Koopmans en veel volgelingen) is in de praktijk weinig
succesvol. Er is een belangrijk statistisch-inductief element in econometrisch onderzoek.
Econometristen hoeven zich daar niet voor te schamen. Hoewel er praktische en logische
problemen verbonden zijn aan het gebruik van waarschijnlijkheidsrekening bij het bepalen
van de waarde van economische hypotheses, is de rol van de waarschijnlijkheidstheorie
zeker niet onbelangrijk.

Econometrie is beter te beschouwen als een 'positieve wetenschap' dan als een poging
tot het implementeren van het methodologisch fasificationisme van Popper. Succesvolle
econometristen vinden geen 'waarheid' over 'diepe oorzaken', maar bruikbare
interpretaties van de data, adequate verwoordingen van de waamemingen. Econometristen
die speuren naar de ware oorzaak der dingen komen bedrogen uit.
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