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Abstract: In specifying a regression equation, we need to determine which
regressors to include, but also how these regressors are measured. This gives
rise to two levels of uncertainty: concepts (level 1) and measurements within
each concept (level 2). In this paper we propose a hierarchical weighted least
squares (HWALS) method to address these uncertainties. We examine the
effects of different growth theories taking into account the measurement prob-
lem in the growth regression. We find that estimates produced by HWALS
provide intuitive and robust explanations. We also consider approximation
techniques when the number of variables is large or when computing time is
limited, and we propose possible strategies for sensitivity analysis.
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1 Introduction

In applied econometrics, when one specifies the equation to be estimated,
one has to decide which concepts (say inflation or education) to include in
the regression; and one has to decide which measurements of these concepts
to use. In practice, one would often try many different concepts, and select
the most appealing combination. This method is called ‘pretesting’ and it is
a dangerous method to apply, because one reports estimates conditional on
the selected model, but interprets them as unconditional estimates. Bayesian
model averaging allows us to combine model selection and estimation into
one procedure, thus avoiding the pretest problem. But, as we have just seen,
we have, in addition to the pretest problem (which concepts to use?), also a
‘measurement problem’ (which measurement to use for each concept?).

This paper addresses both problems by introducing hierarchical (two-
level) model averaging, where we perform model averaging over concepts
and measurements. From here on we shall denote concepts as groups, and
measurements as variables. We propose hierarchical weighted least squares
(HWALS), a generalization of WALS (Magnus et al., 2010). In hierarchical
model averaging, we introduce prior probabilities for the variables in each
group, and treat the regression parameters as hierarchical random variables.
We are uncertain about the error term, about which groups to select, and
about which variables to select. All three levels of uncertainty are explicitly
taken into account in hierarchical WALS estimation.

The HWALS procedure has several advantages. It provides an estimate
and standard deviation for each group, which facilitates statistical inference
and enables us to analyze the effect of each group; it combines model se-
lection and estimation and thus avoids the problem of pretesting (Danilov
and Magnus, 2004); it provides a clear economic explanation of the esti-
mates, which possess well-defined finite-sample properties, unlike some other
related methods (factor analysis, meta-analysis); and its computational bur-
den is very light, especially compared to standard Bayesian model averaging
and Bayesian averaging of classical estimates (BACE).

In the empirical growth literature the three types of uncertainty are es-
pecially important. The uncertainty on the choice of group occurs because
growth theories are open-ended (Brock and Durlauf, 2001), while the uncer-
tainty on the choice of variable occurs because different researchers employ
different empirical proxies to measure the same group. As a result, there is
currently no consensus on the question which determinants are most salient
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and robust in explaining cross-country differences (Durlauf et al., 2005). In
addition, the number of variables in growth empirics is large and may even
exceed the number of observations. For example, Durlauf et al. (2005) list
145 regressors, while the number of countries is typically less in cross-country
growth studies. Our paper investigates the effects of various growth determi-
nants, explicitly taking into account the three types of uncertainty. A recent
study by Durlauf et al. (2008) has a similar purpose, but their approach is
different in that it does not distinguish between groups and variables, and
hence does not produce one estimate and standard deviation for each group.

We mainly compare our estimates with those of Sala-i-Martin et al.
(2004), hereafter SDM, and with theWALS estimates of Magnus et al. (2010).
Our empirical results are different but generally not in conflict with this lit-
erature. However, our hierarchical model averaging estimates produce more
intuitive signs and they are more robust. This is the benefit we gain from
not ignoring the measurement problem, so that correlated variables within
one group are not all included in the regression. We find evidence to support
the relative robustness and importance of proximate determinants, such as
health and initial state. We also find that some regional effects are strong,
such as the East Asian and the colony dummy. These findings are consistent
with most empirical growth theories. In contrast to the current literature
we find that education and government intervention are not robust, because
some of the variables in these groups have poor explanatory power in the
growth regression.

The paper is organized as follows. In Section 2 we present the hierarchical
estimation strategy. Section 3 describes the data, grouping, and scaling. We
apply our estimation strategy to the data in Section 4 and discuss the results.
Next we address the potential problem that the number of variables is too
large to apply the HWALS technique directly. In that case, approximations
are required and these are discussed in Section 5. A key issue is how sensitive
the results are with respect to the assumptions made. We investigate the
sensitivity with respect to prior probabilities (Section 6) and with respect
to grouping (Section 7). Section 8 concludes. Our background document
(Magnus and Wang, 2012) provides further and more detailed information.

2 Hierarchical weighted average least squares

2.1 Groups and variables

We write the linear regression model as

y = X∗β∗ + ǫ = X∗

1β
∗

1 +X∗

2β
∗

2 + ǫ, (1)
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where we note two deviations from standard notation. First we write X∗ and
β∗ rather than X and β, because the regressors are considered to be ‘groups’,
for example education or inflation. These are groups (concepts) rather than
precisely defined variables. There are many measures of education and of
inflation that the researcher could use. These measurements of the same
concept in one group are our ‘variables’. Second, we distinguish between
focus regressors (labeled 1) and auxiliary regressors (labeled 2). Focus re-
gressors are in the model irrespective of any preliminary test or diagnostic.
These include the variables of specific interest and the variables that eco-
nomic knowledge dictates to be in the model. Auxiliary regressors, on the
other hand, may or may not be in the model, depending on prior knowledge
and diagnostics.

We write the columns of the (group) regressors as

X∗

1 =
(

x∗

1,1, . . . , x
∗

1,k1

)

, X∗

2 =
(

x∗

2,1, . . . , x
∗

2,k2

)

, (2)

and the components of the (group) parameter vectors as

β∗

1 =











β∗
1,1

β∗
1,2
...

β∗
1,k1











, β∗

2 =











β∗
2,1

β∗
2,2
...

β∗
2,k2











. (3)

Important is the distinction between groups and variables. The l1-th focus
group x∗

1,l1
containsm1,l1 variables, and the l2-th auxiliary group x∗

2,l2
contains

m2,l2 variables. Groups may contain only one variable, but many groups
will contain several variables. While the variables themselves are considered
deterministic, a group is random (if there are at least two variables in the
group) because the choice between the variables or the weighting scheme
depends on the data (and on priors).

We attach prior probabilities to the variables based on our confidence.
Thus,

Pr
(

x∗

1,l1
= xi

1,l1

)

= πi
1,l1

, Pr
(

x∗

2,l2
= xj

2,l2

)

= πj
2,l2

, (4)

where i = 1, . . . , m1,l1 and j = 1, . . . , m2,l2 , under the constraints

m1,l1
∑

i=1

πi
1,l1

= 1,

m2,l2
∑

j=1

πj
2,l2

= 1. (5)

When only one variable is available in a group, then there is no ambiguity
about the choice of variable, and we set m1,l1 = 1 or m2,l2 = 1 and corre-
spondingly πi

1,l1
= 1 or πj

2,l2
= 1.
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Given specific variables xi
1,l1

and xj
2,l2

in each group, we construct the
design matrices

X
(i)
1 =

(

xi1
1,1, . . . , x

ik1
1,k1

)

, X
(j)
2 =

(

xj1
2,1, . . . , x

jk2
2,k2

)

, (6)

and the parameter vectors

β
(i)
1 =











βi1
1,1

βi2
1,2
...

β
ik1
1,k1











, β
(j)
2 =











βj1
2,1

βj2
2,2
...

β
jk2
2,k2











, (7)

where (i) = (i1, . . . , ik1) and (j) = (j1, . . . , jk2). The resulting model can
then be written as

y = X
(i)
1 β

(i)
1 +X

(j)
2 β

(j)
2 + ǫ, (8)

where we emphasize that each model includes precisely one variable from
each group, thus avoiding problems caused by including many highly corre-
lated variables.

2.2 A three-step procedure

Under the assumption that the prior distributions on separate groups are
independent, the prior probability attached to a specific choice of variables
(i, j) is given by

π(i,j) =
k1
∏

l1=1

π
il1
1,l1

k2
∏

l2=1

π
jl2
2,l2

. (9)

This is the first step. For given (i) and (j) we estimate (8) by Bayesian
model averaging. In Bayesian model averaging the estimates are computed
as weighted averages of the estimates obtained over all possible models, thus
allowing for the fact that auxiliary regressors may or may not be in the model,
depending on priors and diagnostics. One major advantage of Bayesian model
averaging is that it treats model selection and estimation as one procedure.
We shall use a method called WALS (weighted average least squares), but
this is not essential in the development. The advantage of WALS is both con-
ceptual and computational. The version of WALS employed here is described
in Magnus et al. (2010), and the estimates are made scale-independent using
the weighting scheme proposed in De Luca and Magnus (2011). Thus we
obtain the posterior mean (the WALS estimates),

b(i,j) =

(

β̂
(i,j)
1

β̂
(i,j)
2

)

, (10)
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and the posterior variance matrix V (i,j). That is the second step. These
posterior moments are, of course, still conditional on the choice of variables,
that is, on (i, j). In the third and final step we obtain the unconditional
posterior moments b and V from

b =
∑

(i,j)

π(i,j)b(i,j) (11)

and
V =

∑

(i,j)

π(i,j)
(

V (i,j) + b(i,j)b(i,j)
′
)

− bb′. (12)

The variance V in the posterior distribution thus fully represents the three
sources of uncertainty associated with the hierarchical procedure: uncer-
tainty represented by the error term, given the specification of the model;
uncertainty about which auxiliary groups to include; and uncertainty about
which variables to include in each group. The estimator b is the hierarchical
WALS (HWALS) estimator, and V is taken to be its variance.

2.3 Choice of π

The prior probabilities π should be specified, and the question is how. This
depends on the strength of the researcher’s prior information and belief. We
distinguish between four cases. In the first case, the researcher has no prior
information at all. One measurement of the group variable is as likely as the
other, so we assign equal weights within each group, that is,

πi
1,l1

=
1

m1,l1

, πj
2,l2

=
1

m2,l2

. (13)

This is our default. The second case occurs when we have unequal prior
information about the variables, in particular there may be one or two vari-
ables that are known a priori to be particularly important. In the third case
we can rank the prior probabilities within one group, but have no knowledge
of their precise values.

In the fourth case we propose to use data-dependent priors. We write
X∗

1 = (X11 : X∗
12), where X11 contains the focus regressors for which only

one variable is available, and X∗
12 contains the focus regressors for which at

least two variables are available. For each group l in X∗
12 we estimate

y = X11β11 + βi
1,lx

i
1,l + ǫ (i = 1, . . . , m1,l), (14)
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from which we calculate the likelihood L(xi
1,l) = Pr

(

y,X|x∗
1,l = xi

1,l

)

. Then
we update the prior πi

1,l by Bayes’ rule:

π̄i
1,l = Pr

(

x∗

1,l = xi
1,l|y,X

)

=
πi
1,lL(x

i
1,l)

∑m1,l

h=1 π
h
1,lL(x

h
1,l)

.

A larger weight is thus assigned to the variable with more explanatory power
(larger likelihood).

We distinguish between two subcases. In case 4(a) (one-step updating)
we update the priors for the auxiliary variables in the same way, based on
the equation

y = X11β11 + βj
2,lx

j
2,l + ǫ (j = 1, . . . , m2,l). (15)

In case 4(b) (two-step updating) we update the priors for the auxiliary vari-
ables based on the extended equation

y = X
(i)
1 β

(i)
1 + βj

2,lx
j
2,l + ǫ (j = 1, . . . , m2,l), (16)

where all focus groups are used, not only the groups with one variable (X11),
but also the groups with two or more variables. For the latter we select
the variable with the highest posterior probability π̄i

1,l. We shall discuss the
sensitivity of our results with respect to different choices of prior in Section 6.

3 Data, grouping, and scaling

We apply the proposed hierarchical method of Section 2 to growth empirics.
There is a large literature on explaining cross-country growth differences, but
this literature has not led to a consensus on which regressors to include, and,
even if there is agreement on a regressor (group), there is still disagreement
on which measurement (variable) of that regressor to use. These issues are
well exposed in Brock and Durlauf (2001). Growth empirics thus provides a
typical and important example of a situation where two types of uncertainty
exist: uncertainty about the relevance of a group and uncertainty about
which variable to select within the group.

Our data are taken primarily from SDM. The dependent variable is the
average growth rate of GDP per capita 1960–1996. The SDM data set con-
tains 88 countries and 67 variables (plus the constant term). To this list
we have added seven variables from Sala-i-Martin (1997): six variables in
education and one variable in government intervention. These are indicated
with an asterisk (∗) in Table 1. This makes a total of 74 variables (25 groups)
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plus the constant term. We use 72 (rather than 88) countries, the maximum
possible number if we wish to obtain a ‘balanced’ data set with an equal
number of observations for all regressors. Since we have more variables than
observations we can not estimate the whole set. Grouping will therefore be
especially helpful here.

TABLES 1 and 2

The regressors are listed and grouped in Tables 1 and 2. The 74 variables
are organized in 25 groups. The grouping is based on Durlauf et al. (2005)
with two deviations: we split the ‘geography’ group in two (‘tropics effect’
and ‘geography excluding tropics effect’), and also the ‘government’ group
(‘government intervention’ and ‘defense’). The reason for splitting up ge-
ography and government is that within the new groups ‘tropics effect’ and
‘government intervention’ the same concept is measured, while the remaining
items are of a different nature.

We distinguish between two types of groups. A group of type I (Table 1)
contains variables providing alternative measurements of one concept. For
example, a country’s democracy (the concept) can be measured in several
ways, and we allow two measurements (political rights and civil liberties).
Another important growth determinant is education (the concept), which
attempts to capture human capital accumulation. Since the output of hu-
man capital investment is difficult to measure, one typically resorts to input
variables, such as the enrollment rate, school years, and the share of public
education spending. These input variables serve as different measurements
for the same concept. Measurements of the same concept are likely to be
highly correlated, so we do not want to include all of them in our regression.
In fact, we only want to use one measurement, but we do not know which
one. Our theory of Section 2 applies to this type, that is to groups (1)–(12).

In contrast, a group of type II (Table 2) contains variables measuring
different aspects of one concept. For example, the group ‘regional effect’
contains seven dummy variables, each indicating whether a country belongs
to some particular (colonial) region. These variables all measure a regional ef-
fect, but a different aspect of it, and these aspects are not highly correlated or
easily aggregated. Another example is the group ‘geography excluding trop-
ics effect’ which contains three variables: fraction land area near navigable
water, landlocked country dummy, and air distance to big cities, measuring
different aspects of the region with low correlation. Our hierarchical theory
does not apply to groups (13)–(20), because parameter estimates associated
with these variables have different meanings, and hence a weighted sum of
these estimates makes little sense. In our hierarchical estimation procedure
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we can either include all variables of a type II group or select a representative.
For groups (13)–(15) we choose one representative, namely ethnolinguistic
fractionalization in the group ‘ethnicity and language’; religious intensity in
the group ‘religion’ (Barro, 1999); and the openness measure in the group
‘trade statistics’. For groups (16)–(20) each variable captures a different as-
pect of the concept, and we include all variables. Groups (21)–(25) only
contain one variable, and hence there is no difference between variable and
group. In summary, we have 12 type I groups (35 variables) and 13 type II
groups (39 variables).

Grouping of variables can be ambiguous. For example, one may argue
that the share of public education spending in GDP (variable 8) should not be
in the group ‘education’ but in the group ‘government intervention’, because
it measures the government’s commitment to education, which is different
from other measurements of education. Indeed, the correlation between the
share of public education and other educational variables is small. We address
such problems in Section 7, where we investigate inter alia the sensitivity of
the posterior mean and variance to changes in the grouping.

Before we apply the hierarchical WALS procedure, we scale all vari-
ables, that is, we scale (and center) each variable x by replacing it with
(x−mean(x)) /std(x), so that the resulting transformed variable has zero
mean and unit variance. In standard (non-hierarchical) WALS the centering
has no effect (other than on the constant term), but the scaling does have
an effect. This effect, however, can be removed by scaling the matrix

Z(i,j) = X
(j)
2

′

(

I −X
(i)
1

(

X
(i)
1

′

X
(i)
1

)−1

X
(i)
1

′

)

X
(j)
2 ,

such that all its diagonal elements equal one (De Luca and Magnus, 2011).
In hierarchical WALS the preliminary scaling is important because it makes
the magnitudes of the estimated parameters within one group comparable.

TABLE 3

In addition to scaling the variables, we may also wish to change the sign
of some variables, so that variables within one group are positively corre-
lated. The five variables that have been re-signed are listed in Table 3. For
example, in the group ‘health’ we change the definition of malaria prevalence
to malaria non-prevalence, so that both variables in this group now measure
the same thing rather than opposite things. When the group consists of more
than two variables, this may not always be possible, but in our case it is. An
example is the tropics effect, where we have three variables. A large value of
absolute latitude implies a relatively small area in the tropics. But this is the
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opposite of fraction of tropical area and tropical climate zone, the other two
measurements in this group. Hence, we redefine absolute latitude so that its
sign changes.

4 Growth empirics

There is not much consensus in the empirical growth literature on which
growth determinants are salient and robust among a large set of growth the-
ories. Most papers report insignificant coefficients for most determinants.
One reason is that growth theories are open-ended (Durlauf et al., 2005),
another that the same concept can be measured by (sometimes many) dif-
ferent empirical proxies. In this paper we concentrate on the second aspect.
Different choices of measurement may result in very different estimates. If
we include all or many measurements of the same concept in one regression,
then the t-ratios will be misleading due to multicollinearity. Our theory al-
lows us to treat the 74 (plus the constant) different measurements (variables)
as elements of only 25 (plus the constant) concepts (groups).

We have to choose which groups are focus and which auxiliary, and we
shall discuss two variants. In variant HWALS-F1 only the constant term is
a focus group, while all other groups are auxiliary. This is the typical model
averaging framework in which all explanatory variables are allowed to be ei-
ther included or excluded, as in SDM (2004) or Ley and Steel (2007). More
information is used in the second variant, HWALS-F8, where eight groups
(including the constant term) are treated as focus groups. These groups are
therefore in every model considered. The eight focus groups consist of four
type I groups (education, health, initial state, tropics effect), two type II
groups with a representative variable (ethnicity and language, religion), and
two type II groups with only one variable (price distortion, constant term).
Note that the distinction between focus and auxiliary is made at the group
level. If a group is considered to be focus (auxiliary), then each variable in
that group is also focus (auxiliary).

TABLES 4 and 5

In Tables 4 and 5 we present the results for HWALS-F1 and HWALS-F8,
and compare them with WALS-F8. The WALS-F8 estimates are based on
the 67 variables in SDM (2004), hence without the seven additional vari-
ables from Sala-i-Martin (1997). They differ from those in Magnus et al.
(2010, Table 7), because of the scaling and the different number of obser-
vations. The WALS-F8 estimates correspond to variables; the estimates in
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HWALS-F1 and HWALS-F8 to groups.
We shall also compare our results with the BACE estimates of SDM

(2004). Since the posterior moments given by BACE are conditional on
inclusion, their precision is misleading as pointed out in Magnus et al. (2010).
Therefore, we compare with the unconditional BACE moments according to
Equations (8) and (14) in SDM (2004). (The full set of unconditional BACE
estimates is available in our background document.)

4.1 Sign comparisons

Let us first compare the signs of the estimates. The signs of the group
estimates in HWALS-F1 and HWALS-F8 are highly correlated, except for
the group ‘war’, but with a t-ratio of only 0.06 not much significance can
be attached to this result. Next we compare the signs of HWALS-F8 with
those of WALS-F8 and BACE, where we recall that the latter estimates are
based on variables while the former are based on groups. We shall say that
an HWALS estimate is ‘totally different’ from the BACE/WALS estimate if
the sign of a type I group is opposite to all of its variables, and ‘partially
different’ if the sign of a type I group is opposite to some of its variables.
For type II groups this distinction is not necessary.

Comparing HWALS to WALS we see that in three of the 25 groups the
estimates are partially different, and in no less than eleven groups they are
totally different. Hence, quite different estimation results are produced by
HWALS as compared to WALS. The signs produced by HWALS are gener-
ally more intuitive than those produced by WALS, except for education. For
example, HWALS associates more tropical regions with a lower growth rate,
while all variables of the tropics effect have a positive sign in WALS; HWALS
finds that being more open has a positive impact on growth, while all vari-
ables in the trade policy indices have a negative sign in WALS; and HWALS
finds that African and Latin-American countries generally grow slower and
British colonial countries grow faster, while WALS reports the opposite.

For the group education, HWALS produces a negative (but not signifi-
cant) estimate. This seems counterintuitive. Upon closer inspection we see
that the education group contains many variables which are not robust and
have relatively large standard deviations. We have nine education variables,
and they measure education in three ways: the enrollment rate at different
school levels (variables 5–7); educational attainment at different school levels
(variables 9–13); and public spending on education (variable 8). Only the pri-
mary schooling enrollment rate in 1960 and the secondary school years have
robust positive effects, while the signs of the remaining variables vary with
the model specification. This is in line with most empirical growth literature,
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although some care needs to be taken in explaining the strongly positive es-
timate of primary schooling in 1960 (Barro and Lee, 1993). The variation
between different measurements and the insignificance of most measurements
lead to an insignificant estimate of the group education. Therefore, the ed-
ucation effect on growth does not appear to be as robust as most studies
suggest.

Comparing HWALS to BACE, we find three type I groups that are par-
tially different (education, democracy, trade policy indices), and nine vari-
ables of type II groups that are totally different. Again, the signs produced
by HWALS are more intuitive. For example, in contrast to BACE, HWALS
finds a negative effect (not significant) of democracy (recall that civil liber-
ties is re-signed, so that a positive estimate of democracy implies a nega-
tive effect), which supports recent studies (Barro, 1996); also in contrast to
BACE, HWALS finds a positive correlation between growth and the Euro-
pean dummy; HWALS finds that more fraction GDP in mining leads to a
lower growth rate, which is supported by most cross-country studies on the
‘curse of resource’, whereas BACE finds the opposite result; countries with
more land area near navigable water have access to more convenient trans-
portation and are typically more open, thus enhancing growth, as shown by
HWALS but not by BACE; and HWALS finds a negative (but not signifi-
cant) effect of defense spending share on economic growth, in line with recent
studies in the military spending literature (Dunne and Uye, 2009).

4.2 Precision comparisons

Next we compare the t-ratios produced by HWALS-F8, WALS, and BACE
(unconditional moments). The WALS and BACE t-ratios are largely similar.
HWALS is generally more precise than WALS and BACE, especially for those
groups/variables that are typically thought of as robust determinants.

For the focus groups, HWALS reports t = 1.26 for health, while the t-
ratios of the two health variables (life expectancy and malaria prevalence)
are 0.53 and −0.48 in WALS; and 0.45 and −0.53 in BACE. In the group
‘tropics effect’, the t-ratios of its three variables vary greatly in both WALS
and BACE. Only the fraction of tropical area has a t-ratio slightly larger
than 1 (in absolute value) in BACE, while the other two measurements all
have |t| < 0.30. WALS even reports a counterintuitive positive effect. In
contrast, HWALS combines three variables and gives a t-ratio of this group
of approximately 1. The estimate of ‘ethnolinguistic fraction’ produced by
HWALS has |t| = 1.07, while WALS and BACE show |t| = 0.22 and |t| =
0.30, respectively.

For the auxiliary groups, most estimates of type I groups produced by

13



HWALS are more significant than WALS and BACE (for example, demo-
graphic characteristics, inflation, scale effect). The estimates of all type II
groups produced by HWALS are more significant than WALS and BACE.

4.3 Explanatory power

Particularly relevant is the contribution of various growth theories in ex-
plaining differences in cross-country growth rates. Since all variables are
converted to the same scale, the estimates capture the explanatory power of
each theory.

We find that investment price (b = −0.0041, |t| = 2.4) and the East
Asian dummy (b = 0.0058, |t| = 2.1) are the most robust variables and
explain most of the cross-country variation. Less robust but still strong in
explanatory power are health (b = 0.0073, |t| = 1.3), initial state (b = 0.0045,
|t| = 0.7), and the colony dummy (b = −0.0038, |t| = 1.1). These results
provide evidence in favor of the neoclassical growth determinants, and they
are also largely consistent with the findings in the conditional convergence
literature and other related studies (Fernandez et al., 2001; Sala-i-Martin
et al., 2004; Durlauf et al., 2008).

The groups tropics effect, ethnicity and language, African dummy, and
terms of trade have slightly less explanatory power. Here our results differ
from those in SDM, employing posterior inclusion probabilities, who report
the first three variables to be among the most salient, and terms of trade to
be among the least salient. The variables that are weakly or not related with
growth are largely in line with the literature. Unlike most studies, education
and government intervention are not robustly related to economic growth.
In summary, the HWALS methodology yields intuitive and stable estimates.

5 Approximations for large k

To compute the HWALS estimates we need many runs of the WALS al-
gorithm. Each run of the WALS algorithm requires model averaging over
k2 = 41 (HWALS-F1) or k2 = 34 (HWALS-F8) auxiliary variables. In the
case of BMA this would take much computing time (of the order 2k2), but
in WALS much less (of the order k2). This is one (but not the only one)
advantage of WALS over BMA. Even so, in our application of the HWALS
procedure, we have to repeat this algorithm 29×3×5×9 = 69120 times. This
would be impossible with BMA or BACE, but it is still feasible in WALS, and
the estimates reported in Tables 4 and 5 are based on exact computations.

If the number of groups and variables increases further, then estimating
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all combinations becomes computationally too time-consuming, especially
if we also want to perform simulations and sensitivity analyses. In such
cases we have to resort to approximations. In this section we propose and
compare several approximating algorithms. There are two aspects to the
approximation: selecting the subset of WALS regressions to be performed and
obtaining the corresponding WALS estimates; and assigning estimates to the
non-sampled regressions based on the estimates of the sampled regressions.
We shall discuss each aspect in turn.

5.1 Subset selection

Two types of subset selection are considered: non-probability sampling and
probability sampling. The non-probability method chooses the combinations
deterministically. We sample those combinations whose prior probabilities
(weights) are larger than a predetermined critical value π∗, because these are
the combinations composed of relatively ‘important’ variables in each group.
We obtain WALS estimates for these combinations. The ‘precision’ of the
approximation is controlled by

α =
∑

π(i,j)>π∗

π(i,j),

that is, the proportion of exact estimates in the approximated HWALS com-
putation. Note that the non-probability approach does not work if we use
equal weights within each group, because many combinations will then have
exactly the same prior probability. We use two stopping rules. First, we
reduce π∗ until the precision α satisfies a required level α∗. Second, to bound
computation time, we restrict the number of samples S by an upper bound
S∗. Hence, we require α > α∗ and S < S∗.

In contrast, the probability method uses the weights as prior probabilities,
and draws randomly (without replacement) from these weights. Each com-
bination, also one with a low weight, can now be selected, but combinations
with a high weight will have a higher selection probability than combinations
with a low weight. The only requirement is S < S∗.

5.2 Approximating the non-sampled estimates

We consider two methods to approximate the non-sampled estimates from the
sampled ones, first using neighboring estimates, then using a normalization of
the probability. The first method is based on ‘neighboring’ estimates. For a
given combination C, its ‘neighbors’ consist of those combinations containing
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at least one group represented by a variable that is also present in C. The
approximation averages the neighboring estimates.

Figure 1: Approximation using neighboring estimates
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P

E3

E2

G2

G1

G3

As an example we consider three groups G1, G2, and G3, containing
5, 2, and 3 variables, respectively, as in Figure 1. The combinations form
a cube with 30 cells. Suppose we have sampled three combinations with
corresponding estimates E1, E2, and E3, and that P is the estimate to be
approximated based on E1, E2 and E3. We compute P in two steps, first
averaging within each dimension that contains sampled estimates, and then
averaging over all dimensions. In our case,

P =
(E1 + E2)/2 + E3

2
. (17)

This averaging scheme is better than a one-step average (E1 + E2 + E3)/3,
because P puts equal weight on each dimension, while the one-step average
puts more weight on the dimension containing more sampled estimates. (A
comparison between these two averaging methods is given in our background
document.) Neighboring estimates are good approximates because changing
the measurement of a group has a much smaller impact on estimates of other
groups (indirect effect) than it does on the group itself (direct effect); see
also Section 6 below. This method works unless an estimate to be approx-
imated does not have any neighbors that are sampled. Such estimates are
approximated by the average over all sampled estimates.
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In the second method we normalize the probability of the sampled com-
binations, so that the sum of these probabilities equals 1, that is,

π(i,j)
∗ =

π(i,j)

∑

(m,n)∈C π
(m,n)

, (i, j) ∈ C, (18)

where C is the set of sampled combinations. This implies that all approxi-
mated estimates are equal. In particular, suppose we have S samples from
T combinations, and denote the sampled estimates by bS. Then the approx-
imated estimates are given by

bA =

[
∑

(m,n)∈C π
(m,n)

][
∑

(m,n)∈C b
(m,n)
S π(m,n)

]

1−
[
∑

(m,n)∈C π
(m,n)

] , (19)

and their weights are all equal as well, namely 1/(T−S). From Equations (18)
and (19) we see that estimates of more important samples contribute more
to the approximates. The second method thus uses not only closely related
information (neighboring estimates), but also less related information (non-
neighboring estimates). It is not a priori clear whether this is good or bad,
and we shall investigate the issue below.

5.3 Comparison of the methods

We now have four methods for the approximation procedure, as follows:

Approximating method
Sampling method Ave. neighbor Norm. probability
Non-probability Method 1 Method 2
Probability Method 3 Method 4

We compare the four methods from two aspects: approximation accuracy and
computation time. For approximation accuracy our criterium is the average
absolute deviation from the true values. Since the non-probability methods
(Methods 1 and 2) do not work if measurements in every group have equal
prior probabilities, we randomly assign probabilities to variables in this case
under the constraint that the probabilities in each group sum up to one. The
performance of different methods is hardly affected by these random choices.
(Further evidence is provided in our background document). We compare
the four methods in four cases: (1) small number of samples, (2) moderate
number of samples, (3) large number of samples, and (4) the full sample.
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In each case, we obtain S by requiring α > α∗ and S < S∗ in Methods (1)
and (2). Then, we keep the same S in Methods (3) and (4). Thus all methods
are compared under the same number of samples. We choose S∗ and α∗ as
follows:

Case
(1) (2) (3) (4)

S∗ 3000 7000 40000 69120
α∗ 0.30 0.50 0.85 1.00

The various methods and cases are compared in Table 6.

TABLE 6

Clearly, within each method, when we move from Case (1) to Case (4),
the number of samples S and the precision α increase, and consequently the
approximation accuracy is improved but computation time increases.

Comparing different approximating techniques, we find that Method 2
has higher approximation accuracy and needs less computation time than
Method 1; and similarly that Method 4 has higher approximation accuracy
and needs less computation time than Method 2. Apparently the normaliza-
tion method strictly dominates the method using neighboring estimates, and
this domination is especially strong when the number of samples is small.

Next, when we compare different sampling techniques, we see that no
method strictly dominates the other. When the number of samples is small,
Method 4 is more accurate than Method 2, but it is less accurate when the
number of samples is large, thus reflecting the trade-off between using the
more important estimates and a wider range of estimates. The computation
time is higher for Method 4 than for Method 2, because randomness is time-
consuming.

The convergence of the approximation accuracy for each of the four meth-
ods is given in Figure 2. Average absolute deviations decrease smoothly for
non-probability methods, but less smoothly for probability methods because
of the randomness. In Methods 1, 2, and 3, the average absolute deviations
decrease sharply when the number of samples increases to around 5000, and
when the number of samples exceeds 40000, adding more samples only leads
to a marginal improvement of the accuracy. In Method 4 the decrease is
slower. The accuracy of the approximated mean is similar to that of the
approximated standard deviation in Methods 1 and 3, but much larger than
the accuracy of the approximated standard deviation in Methods 2 and 4.
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Figure 2: Approximation accuracy: 4 methods

0 1 2 3 4 5 6 7
0

3

6

9

12

1515

Number of samples (×104)

A
ve

.
of

ab
s.

d
ev

ia
ti

on
s

(×
10

−
4
)

Std.

Mean

Method 1

0 1 2 3 4 5 6 7
0

3

6

9

12

1515

Number of samples (×104)

A
ve

.
of

ab
s.

d
ev

ia
ti

on
s

(×
10

−
4
)

Method 3

Mean

Std.

0 1 2 3 4 5 6 7
0

1

2

3

Number of samples (×104)

A
ve

.
of

ab
s.

d
ev

ia
ti

on
s

(×
10

−
4
)

Std.

Mean

Method 2

0 1 2 3 4 5 6 7
0

1

2

3

Number of samples (×104)

A
ve

.
of

ab
s.

d
ev

ia
ti

on
s

(×
10

−
4
)

Method 4

Std.
Mean

This shows that normalization methods perform better than methods using
neighboring estimates in the approximation of the standard deviation.

The computation time is roughly proportional to the number of samples,
so that computation time can be accurately predicted for each method. In
fact, the ratio

Computation time (in seconds)

number of samples/100

is approximately 1.5 (Method 3), 1.2 (Method 4), 1.0 (Method 1), and 0.7
(Method 2). In summary, Methods 2 and 4 dominate Methods 1 and 3.
When the number of samples is relatively small, Method 4 is preferred, but
when the number of samples is relatively large, then Method 2 is preferred.

6 Sensitivity with respect to the prior π

In Section 2.3 we distinguished between four levels of belief regarding the
specification of the prior probabilities π. So far our empirical results are
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based on the first level of belief (equal prior probability in each group). In
this section we investigate the effects of the three other levels of belief of π on
the estimates and standard deviations. In other words, we ask how sensitive
the empirical results and the conclusions are with respect to π. We discuss
the three levels in turn: unequal priors, ordered priors, and data-dependent
priors.

6.1 Unequal priors

Suppose that in one group, say group l, the ml variables do not all have
the same prior probability 1/ml, but that one of the variables, say variable
j, has a different probability πj

l , while the remaining variables have equal
probabilities

πi
l =

1− πj
l

ml − 1
(i = 1, . . . , j − 1, j + 1, . . . , ml). (20)

This assumption can be made for any of the type I groups. For our sensi-
tivity experiment we choose one focus variable ‘education’ and one auxiliary
variable ‘democracy’. We choose education, because this group contains nine
variables with relatively large deviations, and the effect of education on eco-
nomic growth depends on which variable is used; see Table 4. Democracy
is of interest because it has strong policy implications (Barro, 1999) and
its effect on economic growth is controversial. Within education we choose
the variable ‘primary schooling’ as the one whose prior probability is differ-
ent, because its role in explaining economic growth appears to differ from
other education variables; within democracy we choose the variable ‘political
rights’.

In Figure 3 we report the sensitivity of four groups: education, democracy,
health, and initial state. These groups are chosen because they are proxi-
mate determinants that are typically regarded as the most important growth
theories. Also, by including education and democracy, we can investigate the
direct effect (effect on the group itself) and the indirect effect (effect on other
groups) of changing the prior probability. In the figure, the prior probability
of primary schooling (top panel) and political rights (bottom panel) varies
between 0 and 1. Note that the estimated means of all variables are linear
with the varying prior probability, because πi

l in Equation (20) is a linear
function of πj

l .
Changing the prior probability of primary schooling has a serious direct

effect on the estimated mean and standard deviation of education. The
estimated mean of education is negative when the prior probability of primary
schooling is less than 0.2, but becomes positive when it is larger than 0.4.
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Figure 3: Sensitivity with respect to π: unequal priors
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This is due to the fact that primary schooling has a strong positive effect on
growth while the effect of other education variables is weak.

The estimated standard deviation of education is a concave function of
the prior probability. It is obvious that when primary schooling has weight
1, we obtain the minimal standard deviation because there is no variation
between variables. It is less obvious that when primary schooling has a small
weight, we also obtain small standard deviations. The reason lies in the fact
that primary schooling differs much from other education variables, so that
a small weight leads to a small cross term bb′ in Equation (12).

The estimates in the other three groups (indirect effect) are less sensitive
than those of education. The estimated means never change sign. Among the
three groups, health appears to be the most sensitive to the change in prior.
The estimated standard deviations of the three groups are all insensitive to
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the change in prior.
In the bottom panel we change the prior on political rights in the group

democracy. The effects are very small. Even the estimate of democracy itself
(the direct effect) is not sensitive.

6.2 Ordered priors

Next suppose that we can order the priors in group l so that the priors of
the variables x1

l , . . . , x
ml

l are known to satisfy π1
l > · · · > πml

l . In particular,
assume that πi+1

l = rπi
l for some 0 < r < 1. Then,

πi
l =

(1− r)ri−1

1− rml
(i = 1, . . . , ml). (21)

The smaller is r the more weight is placed on the important variables. Equa-
tion (21) allows the prior probability of the most important measurement,
π1
l , to change over the interval (1/ml, 1).
Figure 4 presents some representative examples when the priors are or-

dered. To perform this experiment we set r = 1/2 and we need a predeter-
mined ordering of the variables. In the group education we select primary
schooling as the most important variable and we order the other variables
randomly. Unlike the previous case, neither the estimated mean nor the
standard deviation is a linear function of the prior probability. Still, the
main results are essentially the same as before. In particular, as the prior
probability of primary schooling increases, the estimated mean of education
changes from negative to positive, and the estimated standard deviation of
education is a concave function. The health effect is weakened as the prior
probability of primary schooling increases, while initial state and democracy
are insensitive to the probability change.

In the group democracy we select political rights as the most important
variable. In this group there are only two variables, so that π1 = 1/(1 + r)
and π2 = r/(1 + r). Changing the probability hardly changes the estimated
means and standard deviations for any of the groups.

We repeated these experiments for all other type I groups, both for the
unequal prior case and for the ordered priors case. Based on these experi-
ments we draw three conclusions regarding the sensitivity with respect to the
prior probability. First, the effects of proximate determinants on economic
growth is robust to the choice of prior probability, except for the group ed-
ucation. Second, the indirect effects of the prior probability are very small,
while the direct effect varies across groups. The direct effect is large for those
groups whose variables vary greatly, such as education. But it is small for
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Figure 4: Sensitivity with respect to π: ordered priors
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those groups whose variables are highly correlated, such as health, inflation,
and scale effect. Third, the standard deviations are quite robust.

6.3 Data-dependent priors

In Section 2.3 we discussed two updating algorithms based on data-dependent
priors: one-step updating and two-step updating.

TABLE 7

In Table 7 we present the updated priors and the new HWALS-F8 estimates
for five groups: education, health, initial state, government intervention, and
democracy. (Full results are in our background document.) By construc-
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tion, the two methods give the same updated prior probabilities for the focus
variables, but the methods differ in the computation of the updated prior
probabilities for the auxiliary variables. However, the updated probabili-
ties of the auxiliary variables and the resulting HWALS estimates are not
much affected by which updating algorithm is used (except for demographic
characteristics and scale effect).

The large variation in updated prior probabilities (ranging from 0.978 to
0.003 in the group education) shows that some variables in a group are much
more relevant for economic growth than others. The ordering is generally
in line with findings in other studies, e.g. SDM and Magnus et al. (2010).
For example, the government consumption share is by far the most relevant
variable in the government intervention group. Generally, the most relevant
variables also have the highest posterior inclusion probability (SDM, 2004),
or are the most significant (Magnus et al., 2010) compared to other variables
in the same group.

Sometimes, variables in one group are almost equally relevant in explain-
ing growth, and their updated prior probabilities are therefore close. Exam-
ples of such groups are: economy system, inflation, and war. The variables
in these groups are highly correlated, and hence including all variables in one
regression leads to very insignificant estimates for some or all of the variables.
For example, both SDM (2004) and Magnus et al. (2010) report extremely
weak correlation between capitalism/socialist dummy and economic growth.
However, when considering them as a group, the correlation with growth is
much stronger. Thinking in terms of groups rather than in terms of variables
thus provides new insights.

The estimates produced by the two updating procedures generally have
similar magnitudes and the same signs (except terms of trade ranking, Latin-
American dummy, and fraction of land area near water). The exceptions
all have a very weak effect on growth. The standard deviations are even
more robust. Even though the two methods produce different updated prior
probabilities for demographic characteristics and scale effect, the estimates
and standard deviations in these two groups are close.

Finally, we compare the HWALS-F8 results after updating the priors
(Table 7) with the equal probability default (Tables 4 and 5). There is a big
difference between focus and auxiliary groups. In the focus groups (especially
education), the effects are generally different and stronger when the priors
are updated than in the equal probability case. In the auxiliary groups (such
as democracy), the estimates and standard deviations when updating the
priors are mostly in line with those using equal probabilities. The reason
lies in the fact that all focus groups have a dominant variable. In summary,
a different choice of priors π will lead to different HWALS estimates. The
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difference between equal priors, unequal priors, and ordered priors is small.
The effect of data-dependent priors is small for the auxiliary groups, but not
small for the focus groups.

7 Grouping

It is not always easy to decide which variable belongs in which group. While
the grouping in Tables 1 and 2 based on Durlauf et al. (2005) is plausible,
there is no complete agreement in the growth literature on how to group the
large number of growth proxies. Assigning a variable to a different group
or separating one group into two will have an effect on the estimates. In
Section 7.1 we investigate whether small changes in grouping have a small
or a large effect on the estimates. Then, in Section 7.2, we discuss optimal
grouping.

7.1 Sensitivity with respect to grouping

We consider four scenarios. First, we question whether the variable ‘public
spending on education’ belongs in the group ‘education’. This variable has a
low correlation with other education variables, so perhaps it should be placed
in a separate group. This is scenario S1. Second, one might make a case for
placing this variable in the group ‘government intervention’ (scenario S2).
Third, we consider the possibility that enrollment rate and school years have
a different effect on growth, because the former is a flow measure while the
latter captures the quantity of education. Thus, in scenario S3, we separate
enrollment rate (variables 5–7 and 8) from school years (variables 9–13). Fi-
nally, one may argue that the variables ‘years open’ and ‘outward orientation’
in the group ‘trade policy indices’ reflect different aspects of trade policy, and
have a different effect on economic growth (Moon, 1998). In scenario S4 we
place the two variables in separate groups.

TABLE 8

The four scenarios lead to eleven possible combinations, which we consider in
Table 8. For each of the eleven combinations we report the average relative
change between the HWALS-F8 estimates and standard deviations from the
new grouping and the original grouping. The two columns labeled ‘all vari-
ables’ use all variables, the next two columns include only the focus variables,
and the next two columns only the variables whose estimate (in absolute
value) exceeds 0.001. The last column gives the number of sign changes over
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all variables.
If we consider all variables, then some changes in grouping have a sig-

nificant effect on the estimates, but the standard deviations are not much
affected. This applies in particular to the case where public spending in
education is separated from group ‘education’ (S1). Grouping public spend-
ing in education into government intervention (S2) affects the results only
marginally. Separating enrollment rate and school years (S3) leads to mod-
erate changes in the estimates and standard deviations. These changes show
that different groupings of education makes a difference, but it does not tell
us which option is preferred. We investigate this issue in the next subsec-
tion. Separating outward orientation and years open (S4) has only a weak
effect and results in no sign changes. If we combine scenarios then the results
become stronger, as expected. Upon closer inspection we see that the new
grouping mainly leads to (direct) changes in the group itself, while (indirect)
changes in other variables are much smaller. We also note that the new
groupings lead to sign changes for no more than one variable in all cases.
Both facts provide evidence of the robustness of our procedure.

Next we repeat these comparisons, but now only for the focus variables.
Then the sensitivity is much reduced, showing that the auxiliary variables
are less robust than the focus variables with respect to grouping. The large
change in the auxiliary estimates is caused by the fact the effect of some of
the auxiliary variables on growth is fragile, and hence that a small (absolute)
change in the estimate leads to a large relative change. To support this
statement, we exclude the variables with an estimate smaller than 0.001 (in
absolute value). Indeed, the relative change based on these variables is about
half of that based on all variables.

7.2 Optimal grouping

We can statistically investigate the ‘optimal’ grouping by estimating the num-
ber of groups, thus providing an explanation of the sensitivity results and
suggesting the grouping from a purely statistical viewpoint. We focus on the
grouping of education. In particular, we compare S1, S2, S3, S1&S3 (placing
enrollment rate, school years, and public education spending in three sep-
arate groups), and S2&S3 (placing enrollment rate and school years in two
separate groups, and public education spending in the group ‘government
intervention’) against our benchmark. We employ three statistics in com-
mon use to determine the number of groups: Caliński and Harabasz’s (1974)
CH -statistic, Hartigan’s (1975) H -statistic, and Krzanowski and Lai’s (1988)
KL-statistic. Both KL and H show that the benchmark is the optimal group-
ing, while CH slightly favors S1. Optimal grouping of ‘trade policy indices’
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cannot be studied in this way because the three statistics do not apply to
groups with only two members. We conclude that the robust and important
groups are consistent with our benchmark. Large relative changes are mostly
due to groups with fragile coefficients.

8 Conclusions

Applied researchers frequently encounter the situation where there is more
than one measurement (variable) for a concept (group). To include all vari-
ables of the group into the regression is not satisfactory, because of mul-
ticollinearity. To choose between variables based on diagnostics leads to
pretesting. A satisfactory solution can be obtained through Bayesian model
averaging, in particular two-level (hierarchical) Bayesian model averaging,
where we question which groups should be in the model (level 1) and also
which variables should be in each group (level 2). Our proposed method
(HWALS) is an attempt to obtain estimates and standard deviations that
fully reflect three sources of uncertainty: uncertainty represented by the error
term, given the specification of the model; uncertainty about which (auxil-
iary) groups to include; and uncertainty about which variables to include
in each group. Our method combines model selection and estimation and
thus avoid the problem of pretesting. It is transparent, easy to implement,
and computationally efficient compared to standard methods such as BMA
and BACE. The method provides estimates and standard deviations for each
group (concept) rather than several estimates corresponding to each variable
(measurement), and this facilitates statistical inference and interpretation of
the effect of the concept. Unlike factor analysis, HWALS allows clear eco-
nomic explanations, because the data are not transformed (except for simple
scaling).

We apply the HWALS theory to growth empirics, and study the effects
of different growth theories in explaining cross-country growth. This appli-
cation is particularly suitable, because the open-ended growth theories and
the many possible proxies for the same concept expose growth regressions
to a high degree of model uncertainty. The HWALS estimates appear to
possess more intuitive signs and are generally more significant compared to
other methods. For example, HWALS finds a moderately negative effect of
democracy and fraction GDP in mining, which is theoretically justified and
empirically supported by the literature, whereas BACE finds the opposite
result. Our findings regarding the robust and important determinants are
mostly in line with the literature. In particular, our results confirm that
an East Asian dummy, and most proximate determinants, including initial
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state, health, and price distortion (investment price) are the most robust and
salient in explaining cross-country differences. Most of the weakly related
determinants are also consistent with the growth theories and the previous
literature. A notable difference from the literature, however, is that the edu-
cation effect is not robust, which reflects the large variation between a wide
range of education variables.

Extensive sensitivity analysis is provided with respect to the prior prob-
abilities and grouping, from which we conclude that the main results, es-
pecially the estimates of robust and important determinants, are not sen-
sitive. Also provided are methods of approximation when the number of
groups or variables is large. We compare four approximation methods, and
conclude that the approximation method using normalization has major ad-
vantages over the method using neighboring estimates, while non-probability
and probability sampling reveal a trade-off between computation time and
accuracy. The computation time of all methods increases linearly as the num-
ber of samples increases. The experimental results show that computation
time can be much reduced while still obtaining estimates satisfying a given
level of accuracy.
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Table 1: Grouping of variables: type I groups

g Group v Variable
(1) Demographic characteristics 1 Fraction population over 65

2 Fraction population under 15

(2) Economy system 3 Capitalism
4 Socialist dummy

(3) Education 5 Primary schooling (1960 enrollment rate)
6∗ Secondary schooling (1960 enrollment rate)
7 Higher education (1960 enrollment rate)
8 Public education spending share in GDP in 1960s
9∗ Primary school years
10∗ Secondary school years
11∗ Higher education years
12∗ Average years of schooling
13∗ Average years of schooling × log of GDP per capita

(4) Government intervention 14 Public investment share
15∗ Public consumption share (excl. education and defense)
16 Government consumption share in 1960s
17 Government share of GDP in 1960s
18 Nominal government GDP share in 1960s

(5) Health 19 Life expectancy in 1960
20 Malaria prevalence in 1960s

(6) Inflation 21 Average inflation 1960–1990
22 Square of inflation 1960–1990

(7) Initial state 23 GDP per capita in 1960 (log)
24 Size of economy (GDP in 1960)

(8)∗∗ Democracy 25 Political rights
26 Civil liberties

(9) Scale effect 27 Land area
28 Population in 1960

(10) Trade policy indices 29 Outward orientation
30 Years open

(11) Tropics effect 31 Fraction of tropical area
32 Tropical climate zone
33 Absolute latitude

(12) War 34 Fraction spent in war 1960–1990
35 War participation 1960–1990

* Variable is not in the SDM (2004) data set, but taken from Sala-i-Martin (1997).
** Group (8) is called ‘Democracy’ following Barro (1999).



Table 2: Grouping of variables: type II groups

g Group v Variable
(13) Ethnicity and language 36∗ Ethnolinguistic fractionalization

37 English-speaking population
38 Fraction speaking foreign language

(14) Religion 39 Fraction Confucian
40 Fraction Muslim
41 Fraction Buddhist
42 Fraction Protestant
43 Fraction Hindu
44 Fraction Catholic
45 Fraction Orthodox
46∗ Religious intensity

(15) Trade statistics 47∗ Openness measure 1965–1974
48 Primary exports in 1970

(16) Terms of trade 49 Terms of trade ranking
50 Terms of trade growth in 1960s

(17) Regional effect 51 East Asian dummy
52 African dummy
53 European dummy
54 Latin-American dummy
55 Colony dummy
56 British colony
57 Spanish colony

(18) Natural resource 58 Hydrocarbon deposits in 1993
59 Fraction GDP in mining
60 Oil-producing country dummy

(19) Population 61 Population density coastal in 1960s
62 Interior density
63 Fraction population in tropics
64 Population density in 1960
65 Population growth rate 1960–1990
66 Fertility in 1960s

(20) Geography (excl. tropics effect) 67 Fraction land area near navigable water
68 Landlocked country dummy
69 Air distance to big cities

(21) Price distortion 70 Investment price
(22) Real exchange rate 71 Real exchange rate distortions
(23) Defense 72 Defense spending share
(24) Political instability 73 Revolutions and coups
(25) Independence 74 Timing of independence

* Representative variable of the group.



Table 3: Within-group correlations

g Group v Variable Correlation
(1) Demographic characteristics 1∗ Fraction population over 65

2 Fraction population under 15 −0.91

(2) Economy system 3 Capitalism −0.58
4∗ Socialist dummy

(5) Health 19 Life expectancy in 1960 −0.73
20∗ Malaria prevalence in 1960s

(8) Democracy 25 Political rights −0.83
26∗ Civil liberties

(11) Tropics effect 31 Fraction of tropical area −0.89
32 Tropical climate zone −0.60
33∗ Absolute latitude

* Adjusted variable.
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Table 4: HWALS and WALS estimates: focus variables

Variable WALS-F8 HWALS-F1 HWALS-F8
Education −0.0013 (0.0038) −0.0013 (0.0046)

5 Primary schooling 0.0037 (0.0188)
6 Secondary schooling
7 Higher education −0.0079 (0.0081)
8 Public edu. spending −0.0007 (0.0160)
9 Primary school yrs
10 Secondary school yrs
11 Higher education yrs
12 Ave. school yrs
13 Ave. school yrs × logGDP

Health 0.0045 (0.0044) 0.0073 (0.0058)
19 Life expectancy 0.0144 (0.0271)
20 Malaria prevalence −0.0045 (0.0094)

Initial state −0.0030 (0.0046) −0.0045 (0.0064)
23 GDP in 1960 (log) −0.0073 (0.0168)
24 Size of economy 0.0006 (0.0186)

Tropics effect −0.0029 (0.0032) −0.0030 (0.0034)
31 Frac. of tropical area 0.0015 (0.0207)
32 Tropical climate zone 0.0013 (0.0047)
33 Absolute latitude 0.0054 (0.0195)

Ethnicity and language
36 Ethnolinguistic frac. −0.0019 (0.0087) −0.0024 (0.0025) −0.0030 (0.0028)
37 English-speaking pop. 0.0014 (0.0053)
38 Frac. foreign language 0.0006 (0.0062)

Religion
39 Fraction Confucian 0.0009 (0.0058)
40 Fraction Muslim −0.0004 (0.0079)
41 Fraction Buddhist 0.0010 (0.0132)
42 Fraction Protestant −0.0122 (0.0161)
43 Fraction Hindu 0.0003 (0.0074)
44 Fraction Catholic −0.0130 (0.0226)
45 Fraction Orthodox −0.0014 (0.0029)
46 Religious intensity −0.0035 (0.0095) −0.0009 (0.0017) −0.0015 (0.0019)

Price distortion
70 Investment price −0.0047 (0.0076) −0.0029 (0.0015) −0.0041 (0.0017)
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Table 5: HWALS and WALS estimates: auxiliary variables

Variable WALS-F8 HWALS-F1 HWALS-F8
Demographic characteristics 0.0026 (0.0047) 0.0027 (0.0048)

1 Frac. pop. over 65 −0.0011 (0.0204)
2 Frac. pop. under 15 −0.0003 (0.0324)

Economy system −0.0010 (0.0016) −0.0010 (0.0016)
3 Capitalism 0.0018 (0.0056)
4 Socialist dummy −0.0000 (0.0067)

Government intervention −0.0004 (0.0021) −0.0003 (0.0021)
14 Public investment share 0.0016 (0.0044)
15 Public consumption share (excl. education and defense)
16 Gov. consumption share −0.0367 (0.1602)
17 Gov. share of GDP 0.0362 (0.1489)
18 Nominal gov. GDP share 0.0001 (0.0078)

Inflation 0.0005 (0.0022) 0.0005 (0.0022)
21 Average inflation 0.0042 (0.0179)
22 Square of inflation −0.0064 (0.0200)

Democracy 0.0025 (0.0027) 0.0025 (0.0027)
25 Political rights 0.0047 (0.0102)
26 Civil liberties 0.0002 (0.0075)

Scale effect 0.0028 (0.0027) 0.0028 (0.0028)
27 Land area 0.0063 (0.0157)
28 Population 0.0005 (0.0086)

Trade policy indices 0.0010 (0.0025) 0.0009 (0.0024)
29 Outward orientation −0.0008 (0.0055)
30 Years open −0.0032 (0.0104)

War −0.0001 (0.0017) 0.0001 (0.0016)
34 Frac. spent in war 0.0004 (0.0067)
35 War participation 0.0022 (0.0086)

Trade statistics
47 Openness measure −0.0004 (0.0147) 0.0007 (0.0029) 0.0006 (0.0029)
48 Primary exports −0.0026 (0.0104)

Terms of trade
49 Terms of trade ranking 0.0028 (0.0084) 0.0004 (0.0027) 0.0004 (0.0027)
50 Terms of trade growth 0.0026 (0.0058) 0.0036 (0.0024) 0.0035 (0.0024)

Regional effect
51 East Asian dummy 0.0087 (0.0108) 0.0062 (0.0028) 0.0058 (0.0028)
52 African dummy 0.0017 (0.0117) −0.0033 (0.0035) −0.0031 (0.0036)
53 European dummy 0.0198 (0.0247) 0.0016 (0.0045) 0.0015 (0.0045)
54 Latin-American dummy 0.0125 (0.0258) −0.0012 (0.0045) −0.0014 (0.0046)
55 Colony dummy −0.0023 (0.0155) −0.0040 (0.0035) −0.0038 (0.0035)
56 British colony −0.0003 (0.0071) 0.0028 (0.0027) 0.0028 (0.0027)
57 Spanish colony −0.0015 (0.0152) 0.0015 (0.0033) 0.0012 (0.0033)

Natural resource
58 Hydrocarbon deposits 0.0015 (0.0053) 0.0001 (0.0019) 0.0001 (0.0019)
59 Frac. GDP in mining −0.0016 (0.0072) −0.0014 (0.0019) −0.0013 (0.0019)
60 Oil country dummy −0.0020 (0.0052) −0.0018 (0.0023) −0.0018 (0.0023)
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Table 5: Continued

Population
61 Population density coastal 0.0019 (0.0172) 0.0010 (0.0029) 0.0007 (0.0030)
62 Interior density −0.0025 (0.0070) −0.0011 (0.0017) −0.0010 (0.0017)
63 Fraction pop. in tropics 0.0003 (0.0092) 0.0014 (0.0032) 0.0015 (0.0032)
64 Population density −0.0032 (0.0060) −0.0016 (0.0021) −0.0015 (0.0021)
65 Population growth rate 0.0073 (0.0232) 0.0013 (0.0053) 0.0014 (0.0054)
66 Fertility 0.0007 (0.0224) −0.0031 (0.0061) −0.0030 (0.0063)

Geography (excl. tropics effect)
67 Frac. land area near water 0.0018 (0.0118) 0.0018 (0.0032) 0.0016 (0.0032)
68 Landlocked country dummy 0.0027 (0.0040) 0.0003 (0.0018) 0.0002 (0.0018)
69 Air distance to big cities 0.0009 (0.0102) 0.0010 (0.0025) 0.0010 (0.0025)

Real exchange rate
71 Real exchange rate dist. −0.0031 (0.0107) −0.0024 (0.0020) −0.0021 (0.0020)

Defense
72 Defense spending share −0.0145 (0.0599) −0.0003 (0.0017) −0.0004 (0.0017)

Political instability
73 Revolutions and coups 0.0043 (0.0064) −0.0005 (0.0019) −0.0006 (0.0018)

Independence
74 Timing of independence −0.0001 (0.0110) 0.0006 (0.0025) 0.0008 (0.0025)
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Table 6: Comparison between approximation methods

Ave. of absolute Comp.
deviations (×10−4) time (sec)

S α Mean Std

Method 1
Case (1) 2508 0.3029 8.8440 7.3064 55.81
Case (2) 6496 0.5050 4.9325 4.5899 94.03
Case (3) 26428 0.8663 0.6005 0.7716 318.89
Case (4) 69120 1.0000 0.0000 0.0000 680.70

Method 2
Case (1) 2508 0.3029 1.9909 0.8846 21.13
Case (2) 6496 0.5050 1.3630 0.5483 48.72
Case (3) 26428 0.8663 0.4543 0.1539 204.84
Case (4) 69120 1.0000 0.0000 0.0000 485.67

Method 3
Case (1) 2508 0.1445 3.2941 2.8367 66.23
Case (2) 6496 0.3263 2.3358 2.9017 122.28
Case (3) 26428 0.7855 0.9740 1.3896 425.31
Case (4) 69120 1.0000 0.0000 0.0000 1014.70

Method 4
Case (1) 2508 0.1389 1.5354 0.6524 33.61
Case (2) 6496 0.3233 1.2089 0.5043 81.81
Case (3) 26428 0.7846 0.5230 0.1903 330.75
Case (4) 69120 1.0000 0.0000 0.0000 819.53
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Table 7: HWALS estimates using data-dependent priors: selected groups

One-step updating Two-step updating
Variable HWALS-F8 updated π HWALS-F8 updated π
Education 0.0051 0.0050

(0.0034) (0.0034)
5 Primary schooling 0.9784 0.9784
6 Secondary schooling 0.0033 0.0033
7 Higher education 0.0024 0.0024
8 Public edu. spending 0.0027 0.0027
9 Primary school yrs 0.0025 0.0025
10 Secondary school yrs 0.0031 0.0031
11 Higher education yrs 0.0019 0.0019
12 Ave. school yrs 0.0024 0.0024
13 Ave. school yrs × logGDP 0.0033 0.0033

Government intervention 0.0005 0.0004
(0.0020) (0.0020)

14 Public investment share 0.1555 0.1647
15 Public consumption share 0.1710 0.0220

(excl. education and defense)
16 Gov. consumption share 0.4317 0.5210
17 Gov. share of GDP 0.0827 0.0440
18 Nominal gov. GDP share 0.1590 0.2484

Health 0.0062 0.0065
(0.0059) (0.0060)

19 Life expectancy 0.8142 0.8142
20 Malaria prevalence 0.1858 0.1858

Initial state −0.0084 −0.0082
(0.0057) (0.0059)

23 GDP in 1960 (log) 0.6923 0.6923
24 Size of economy 0.3077 0.3077

Democracy 0.0015 0.0017
(0.0024) (0.0024)

25 Political rights 0.3017 0.2217
26 Civil liberties 0.6983 0.7783
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Table 8: Sensitivity with respect to grouping

Ave. relative change (%) Number of
All variables Focus variables Variables with variables with

|b| ≥0.001 sign change
Grouping Mean Std Mean Std Mean Std

(1) S1 30.65 0.01 12.64 0.04 15.03 0.02 1
(2) S2 6.35 0.60 4.78 0.78 3.19 0.57 0
(3) S3 15.40 2.93 13.62 3.31 9.11 2.79 0
(4) S4 12.19 3.06 1.52 1.95 4.59 2.68 0
(5) S1 & S3 38.13 5.11 13.00 7.08 15.99 4.95 1
(6) S1 & S4 35.99 5.86 12.93 3.94 15.59 5.50 1
(7) S2 & S3 20.71 3.28 8.32 6.56 11.72 3.48 1
(8) S2 & S4 14.71 3.18 5.42 2.25 5.56 2.92 0
(9) S3 & S4 18.10 6.20 9.58 6.52 8.15 5.91 0
(10) S1 & S3 & S4 43.74 8.59 14.93 9.70 17.61 8.60 1
(11) S2 & S3 & S4 24.23 5.82 10.11 7.73 11.44 5.69 1

Explanation of grouping:

S1: ‘Public spending in education’ (in group ‘education’) placed in separate group

S2: ‘Public spending in education’ moved to group ‘government intervention’

S3: Group ‘education’ split in two groups: ‘enrollment rate’ (variables 5–8) and

‘school years’ (variables 9–13)

S4: The two variables ‘outward orientation’ and ‘years open’ in group ‘trade policy

indices’ placed in separate groups
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