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Abstract

Household equivalence scales are not identified from consumer demand data alone. We estimate
household equivalence scales using two types of subjective information. First, we use the answers
to questions on the income required to attain a given utility level. This is the type of information
often used in this type of research. We compare the results for the usual linear model with
semiparametric estimates, in which the functional form of the relationship between required
income and family size and actual income is left unspecified. Second, we use answers to the
question: how satisfied are you with actual household income? We present parametric and
semiparametric estimates for the ordered response model explaining this discrete variable, which
has possible outcomes 1,2,...,10. We find that according to the second type of information, costs
of children are much larger than according to the first.
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1. Introduction

A household equivalence scale is defined as the ratio between family incomes needed to attain
a given utility level for the family of interest and some reference family. Equivalence scales are
required to compare utility levels of households of different composition. They are an important
tool for applied welfare analysis (see, for example, Browning (1992), Nelson (1993), Lewbel
(1989)). They are used to define the costs of children, which serve as the basis for the system
of child benefits in many countries. They are used to define comparable poverty lines for, for
example, singles and married couples, and thus directly affect the minimum levels of social
welfare benefits. Finally, they are indispensable for thorough analysis of income inequality within
and between countries (see Jenkins (1991)): if household incomes are compared, a correction has
to be made for differences in household composition. The appropriate way is to use equivalent
incomes, i.e. observed household income divided by the household’s equivalence scale.

By definition, equivalence scales describe disaggregate phenomena at the micro-level of
the household. It is virtually impossible to estimate them using aggregate data. During the last
decades, they have been a recurring issue in micro-econometric studies, with a large contribution
of Dutch researchers. The traditionally most common approach to estimate them is to incorporate
them in a household cost function. Together with prices of consumption goods, household
composition variables are then the main arguments of the household cost function (see Browning
(1992)). These household cost functions are usually estimated on the basis of panel or repeated
cross-section data on consumption expenditure on a varying number of commodity categories.

Since Pollak and Wales (1979), however, it has become well-known that expenditure data
alone are not sufficient to identify the equivalence scales. See also Kapteyn (1994) for a clear
example illustrating this point, a discussion of possible solutions, and further references. Results
of Blundell and Lewbel (1991) imply that the informational content of demand systems about
equivalence scales is very limited: for one fixed set of prices, any equivalence scale is consistent
with observed demand. On the other hand, relative changes in equivalence scales due to price
changes are completely identified from demand data. For applied purposes however, the latter
is insufficient without the former. In section 2, we briefly discuss the equivalence scales in a
neoclassical framework and the findings of Pollak and Wales (1979) and Blundell and Lewbel
(1991).

The results of Blundell and Lewbel (1991) suggest that estimating equivalence scales
could proceed in two separate steps. The first would be to use other than demand data to estimate
the levels of the equivalence scales in a given reference price setting. The second would be to
use information on demand data to identify the effects of price changes on the equivalence scales.
An enormous literature is devoted to this second step (see Browning (1992)). This paper is
concerned with the first step only. We analyze equivalence scales in a fixed price setting. We
thus avoid the complications and specification choices needed in order to formulate a demand
system. The Blundell and Lewbel (1991) result implies that our results can be combined with
demand system estimates to analyze the equivalence scales in a price regime different from ours.

There are two types of additional information that we consider. The first has been used
before by a large number of mostly Dutch researchers. It is related to the Welfare Function of
Income (WFI). See Van Praag (1968, 1991), Kapteyn (1994), and references mentioned there.
Subjective survey questions are used to measure the income necessary to reach a given utility
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level. We briefly discuss this literature in section 3. The second type of information is, in a sense,
dual to the first type. It is based on a survey question about satisfaction with actual family
income. This type of information been used by, for example, Vaughan (1984) and Poulin (1988).
In section 4, we discuss the survey questions and the resulting sample data. We use a cross-
section of Dutch households drawn from the Socio-Economic Panel (SEP), October 1984, which
contains both types of information for the same households.

In sections 5 and 6, we discuss parametric and semiparametric models based upon the two
types of subjective information. We focus on the equivalence scales, and avoid assumptions about
the form of the utility functions, the distributions of the error terms, etc., as much as possible.
A flexible non- or semiparametric analysis therefore seems natural. We consider several models
based upon both types of data and compare the results. In the concluding section 7, we check
whether the two types of information are compatible. We try to explain our finding that they are
not, and argue why we think the second type information is superior to the first.

2. Equivalence scales and the neoclassical demand system

We consider the static framework of a household (indicated by index i) maximizing household
utility ui = ui(q,hi) under a linear budget constraint p’q=yi. Here q denotes the vector of quantities
of the goods involved (the choice variable of the household), p is the corresponding price vector,
yi is household income,1 and hi is household composition. We assume that ui satisfies the usual
conditions of monotonicity and quasi-concavity. Utility may depend on i through hi but also
through taste shifters not included in h (observed or unobserved). Let ci(u,hi,p) be the household
cost function, representing minimum expenditure required to attain a given utility level u. ci is
convex and increasing in p and strictly increasing in u (cf, for example, Barten and Böhm
(1982)). Let h0 denote the reference household. The general definition of the equivalence scale
(ES) is

ESi(hi,u,p) = ci(u,hi,p)/ci(u,h0,p)

or, in logs,

(1) ln ci(u,hi,p) = ln ci(u,h0,p) + ln ESi(hi,u,p)

It says how large income of household i must be compared to income of the reference household,
if both households should attain the same utility level. In general, the equivalence scale depends
on the utility level. The hypothesis that it does not, is often referred to as the independence of
base utility (IB) assumption.

To obtain equations that can be estimated using demand data, Marshallian demand

1 In an intertemporal setting, household income is replaced by total household expenditure
(i.e. is corrected for savings). This is consistent with a life-cycle model of household
behaviour (see Blundell and Walker (1986)).
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equations are used:

(2) qi = di(yi,hi,p)

Here qi is the vector of quantities that maximises utility for household i, for given prices p and
household income yi. Its relation to the cost function is given by

(3) di(yi,hi,p) = ∂ci(u,hi,p)/∂p, with u determined by ci(u,hi,p)=yi.

Preferences and the household utility function are completely characterised by the cost function.
The source of the identification problem is that the cost function is not completely characterised
by the Marshallian demand functions. The intuition behind this is clear: optimal quantities are
those that maximise utility; a monotonic transformation of the utility function does not change
the optimal quantities, while it does change the utility function and the cost function. To be
precise: replace the cost function ci by

Ci(u,hi,p) = ci(F(u,hi),hi,p)

where F(u,hi) is monotonically increasing in u. Then the demand functions corresponding to Ci

are identical to those corresponding to ci. The equivalence scales corresponding to Ci, however,
are given by

Ci(u,hi,p)/Ci(u,h0,p) = ci(F(u,hi),hi,p)/ci(F(u,h0),h0,p)

Even if the original equivalence scales ESi do not depend on u, these equivalence scales will be
different from the original ones if F depends on hi. This shows that different equivalence scales
can be consistent with the same demand system. By choosing F appropriately, Blundell and
Lewbel (1991) show that, for fixed prices p, every set of equivalence scales is consistent with
a given demand system. Thus demands for goods contain no information on equivalence scales
in a single price system. Blundell and Lewbel also show that, once the equivalence scales in any
one price system p0 are given, the demand functions completely identify the ratios
ESi(hi,u,p)/ESi(hi,u,p0). See Blundell and Lewbel (1991) for details, and Kapteyn (1994) for a
clarifying example.

Blundell and Lewbel (1991) suggest several solutions to the identification problem. The
first is not to estimate equivalence scales in levels, and look at ratios between equivalence scales
for different price settings only. We are, however, interested in levels of equivalence scales from
a policy point of view. Levels are needed for applied welfare analysis concerning poverty, child
benefits, income inequality, etc. (see Jenkins (1991)).

The second solution is to make additional assumptions on the utility functions, based on
’prior beliefs’. An example is the IB assumption: if IB is imposed, the demand system determines
the equivalence scale (Blundell and Lewbel (1991, p. 56)). The IB assumption implies testable
restrictions on the demand system, which have often been rejected. Other assumptions have been
used, but, as the IB assumption, are to a large extent arbitrary and ad hoc (see, for example,
Nelson (1993)).
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This suggests that the only feasible solution is the third one: use additional data. This is
the solution used by a school of researchers, primarily Dutch. We discuss it in the next section.

3. Using subjective data on income evaluation: the Leyden School

This line of research starts with Van Praag (1968) and has produced numerous publications by
Van Praag, Kapteyn, and others. An early overview is given by Wansbeek and Kapteyn (1985).
See, for example, Van Praag (1991) and Kapteyn (1994) for more recent references. Most of the
empirical analysis focuses on the following type of questions (which is usually referred to as the
Income Evaluation Question (IEQ)):

Which annual after tax household income would you, in your circumstances, consider a)
very bad; b) bad; c) insufficient; d) sufficient; e) good; f) very good?

This is the wording in the SEP data that we use. The answers are an increasing series of six
monthly incomes. In other surveys, the number of incomes in the series varies, but the concepts
are the same. The answers to this type of questions have been used to estimate equivalence scales
in various ways. Many of these are variants on Van Praag (1968), who assumes that the
household cost function can be written as follows (since p is fixed, the argument p is omitted
from now on).

(4) ln ci(u,hi) = σi(hi) Φ−1(u) + µi(hi)

HereΦ is the standard normal distribution function. It is assumed that the utility level u depends
on the question (a), b),.. or f)) but not on the household. In the case given above, for questions
a) through f), it is usually assumed that u=1/12, u=3/12,.., u=11/12, respectively. Given the values
of u and the observed values of ci(u,hi), µi(hi) and σi(hi) can be estimated for each household.
Numerous articles have been written to model µi(hi) as a function of household composition and
other characteristics. The theory of relative perception of income and poverty (Kapteyn (1977))
implies that µi(hi) depends on actual income yi. Empirical evidence strongly suggests that this is
indeed the case. This can easily be incorporated in the framework of section 2, although it does
not correspond directly to the neoclassical view.

Results of Alessie et al. (1995) suggest that µi(hi) depends on demographics, habit formati-
on, and incomes of families in the household’s reference group. Recent results of Manski (1993)
suggest, however, that nonparametric identification of reference group effects can only be
obtained in very special circumstances: prior information on the composition of reference groups
must be available, and the variables defining the reference groups and those directly affecting the
outcomes should be ’moderately related’. Much less attention has been paid to modellingσi(hi).
Note that the IB assumption in the previous section is equivalent to the assumption thatσi(hi)
does not vary with hi.

In this paper, we focus on equivalence scales. Habit formation, preference interdependen-
ce, etc. are not taken into account. We allow the perceived cost function to depend upon actual
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household income. In (4), an explicit relationship is given between costs and utility, and it is
implicitly assumed that utility is cardinal. This is something we also want to avoid. The only
assumption we are prepared to make, is that, if different households answer the same question
on which income is sufficient or very good, etc., they refer to the same utility level. Starting
point therefore, is the equation used in Van Praag and Van der Sar (1988):

(5) ln ci(u,hi) = x’
iβ(u) + S(u,hi) + γ(u) ln yi + εi(u)

ci(u,hi) is the observed answer to the question which income is sufficient, very good, etc., the
required income to attain a given utility level. We consider the answers to the six questions
separately and make no assumptions on how ci(u,hi) depends on u. xi is a vector of taste shifters
not related to family composition. In Van Praag and Van der Sar (1988), xi is a constant, but we
allow, for example, for regional variation (see section 5). S(u,hi) determines the equivalence scale
for household i. Van Praag and Van der Sar work with hi=fsi and specify

(6) Si(u,hi) = α(u) ln fsi

where fs is family size. A more sophisticated specification is used by Kapteyn et al. (1988):

(7) Si(u,hi) = α0(u) Σf
j
s
=1 wjf(aj;u)

The weights wj are given by w1=1 and wj=ln(j/(j-1)) for j>1. f(aj;u) is the following function of
the age aj of individual j, where the ordering (within a household) is such that aj ≥ aj+1:

f(aj;u) = 1 if aj>18;
(8)

f(aj;u) = 1 + α1(u)(18-aj)
2 + α2(u)(18-aj)

2(36+aj) if 0≤aj≤18

Thus f(18;u)=1 and f’(18;u)=0.α0, α1 and α2 are parameters to be estimated. By this specifi-
cation the costs of children are allowed to be different from the costs of adults. The costs of
children may also vary with age.

S(u,hi) in (5) determines the equivalence scale conditional upon income yi. We are
interested in unconditional equivalence scales, however. To eliminate ln yi, we again follow
Van Praag and van der Sar (1988), and compute the so-called ’true’ equivalence scale. This is
the answer to the question: if we want two families to perceive the same utility level u, what
is the ratio of the incomes the two families must have? We assume that other characteristics
xi and error terms (unobserved heterogeneity or measurement error)εi are the same for the
two families. The income yi(u) necessary to reach utility level u can be obtained from (5), by
setting ci(u,hi) equal to yi = yi(u):

(9) ln yi(u) = (1−γ(u))−1[x’
iβ(u) + S(u,hi) + εi(u)]

Thus the log of the ’true’ equivalence scale at utility level u for family i compared to the
reference family 0 is given by:
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(10) ln [yi(u)/y0(u)] = (1−γ(u))−1 (S(u,hi) − S(u,h0)).

Van Praag and Van der Sar (1988) present results for a number of countries. Most of their
data, including those for the Netherlands, are drawn from a 1979 European mail
questionnaire. They find significantly positive estimates ofγ(u) in all cases. For the Nether-
lands, the values ofγ(u) vary from 0.42 (lowest utility level) to 0.63 (highest level). The true
equivalence scales they find hardly vary with the utility level. They appear to be rather flat,
i.e. the estimated costs of children are quite low. For example, compared to the reference case
of a childless couple, they find equivalence scales of about 1.22 and about 1.37, for
households with two and four children, respectively. The additional costs of the first two
children would thus be about 22 percent of the childless couple’s budget, while two more
children would cost 12 percent of the budget of the reference family.

Kapteyn et al. (1988) used (7) and (8) to estimate various models, using data from the
Dutch labour mobility survey drawn in 1982. Their favourite model takes account of selection
bias due to non-reporting, it takes account of the fact that heads of household systematically
underestimate certain components of their income (for example, family allowances and
earnings of children) and it also includes reference group averages. Although not presented,
equivalence scales can be derived immediately from their results on poverty lines. For
example, compared to the childless couple, they find equivalence scales of 1.20 for a family
with two children aged 6 and 12, 1.34 for a family with four children, of age 18, 12, 6 and 1
(both compared with a childless couple). Kapteyn and Melenberg (1993), who apply a similar
specification to the SEP-data (wave 1985), find still lower costs of children.

4. Data

Data are taken from the October 1984 wave of the Dutch Socio-Economic Panel (SEP),
drawn by Statistics Netherlands. The SEP is fairly representative for the Dutch population
(see CBS, 1991). The original data set contains about 3700 households. It contains accurate
information on income from about forty potential sources for each individual. After tax
household income was constructed by adding up all income components of all family
members. Missing observations, for example for self-employed household members, led to a
loss of about 1000 families. A few households were excluded because of missing information
on family composition or other explanatory variables.

We consider two types of subjective information. The first is required income to attain
some utility level, discussed in section 3. 2455 families answer all these questions. After
repairing some obvious coding errors, required family income increases with utility level in
all cases. Sample statistics are in Table A1 in the appendix. In figure 1, we present
nonparametric (Gaussian kernel) density estimates of required and actual monthly incomes.
Required incomes for different utility levels have a similar distribution. Dispersion increases
with utility level. Actual incomes reveal a much larger dispersion, as expected. The location
of the distribution of actual incomes compared to that of required incomes, suggests that most
families are reasonably satisfied with their income. We come back to this in section 7.

In figure 2, we have drawn the distribution of required income for utility level 3
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(insufficient) with varying household size. Required income for singles is much smaller than
for other households. The differences between families with 2, 3, 4 or more members, are
surprisingly small. For other utility levels, the figure is similar. In figure 3, we present the
results of a nonparametric (quartic kernel) regression of the required income levels on family
income (not controlling for family size). We also present 95 percent uniform confidence
bounds for the regression function. These become very wide where observations are sparse.
The figure suggests that a linear relationship between actual and required income might be
appropriate for the range where the bounds are tight, but not for the complete range of
incomes in the sample. For the range of very low incomes, we find that required income does
not increase with actual income. This is contrarty to what we would expect. It might be
explained by the relatively low number of observations in this income range.

The second type of subjective information is the answer given by the head of the
household to the question

How satisfied are you with your household income? possible answers 1 (not satisfied
at all) to 10 (very satisfied).

2729 heads of household have answered this question. The variable is denoted by SAI. In 772
cases, SAI is less than or equal to 5. The sample average is 6.30. The dispersion is
substantial. 74 observations have SAI=1; 101 have SAI=10. In figure 4, we present the results
of a nonparametric (quartic kernel) regression of SAI on family income. As expected,
satisfaction with income increases with income. It appears to decrease with family size. In the
empirical analysis in section 6, we analyze what this means for the equivalence scales.

5. Empirical Results: Required Income Questions

We first analyze the required income questions. We considered a number of specifications.
’True’ equivalence scales are presented in Table 1. To save space, (OLS) estimation results
are not presented. They are available upon request from the authors. Apart from family size
and actual income, gender of the head of the household, regional dummies and the degree of
urbanization are included in all the regressions. Some of these are strongly significant. In the
first panel, we present the results for the specification most similar to that of Van Praag and
Van der Sar ((5)-(6)). We find lower costs of children than they do. We also find larger (and
sometimes significant) differences between the utility levels. Costs of children appear to
decrease with the utility level. The small standard errors suggest that the results are quite
accurate. For reasons not clear to us, standard errors of the equivalence scales are often not
presented in the existing studies.

To allow for the nonlinearities suggested by figure 3, we added log family size
squared, log actual income squared, and the product of log income and log family size. The
latter two appeared to be strongly significant for all utility levels. The resulting true
equivalence scales are in the second panel of Table 1. Note that equation (11) could no longer
be used here: true equivalence scales had to be obtained from solving a quadratic equation.
The solution always existed. Costs of children are now strongly decreasing with the utility
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level. For the highest utility level, the estimated costs of children are negative. This seems
implausible, although it might be interpreted if children themselves are seen as consumption
goods. The effects of children, however, are insignificant. For the lower utility levels, the
costs of the first child are larger than according to the linear specification, while the costs of
more than one child are similar. Standard errors have approximately doubled.

Differences between the two panels suggest that we should consider more flexible
specifications. We turn to a semiparametric model, in which the impact of family size and
actual income on required income is left unspecified. Equation (5) is replaced by

(12) ln ci(u,fsi) = x’
iβ(u) + gu(fsi,ln yi) + εi(u)

Here gu is a continuous function satisfying some regularity conditions. As before, we assume
E{εi(u) xi,fsi,yi}=0. Equation (12) leads to the partial regression model of Robinson (1988)
and Stock (1991). The latter proposes a three step estimator for this model, based upon the
following identity, obtained from (12):

(13) ln ci(u,fsi) − E{ln ci(u,fsi) fsi,ln yi} = [x i − E{xi fsi,ln yi}] β(u) + εi(u)

The first step consists of replacing the expectations in (13) by their nonparametric (kernel)
regression estimates. The next step is to estimateβ by OLS on (13). The third step is to
estimate gu by nonparametric regression of ln ci(u,hi) − xiβ̂(u) on fsi and ln yi, where β̂(u) is
the OLS estimate ofβ(u). Finally, the ’true’ equivalence scales can be computed by (numeri-
cally) solving yi(u,h) from

(14) ln yi(u,h) = x’
iβ̂(u) + ĝu(fsi,ln yi(u,h))

and computing the ratio between yi(u,h) for the family of interest and the reference family
with the same value of xi. Results are in the third panel of Table 1. Following Stock (1991),
standard errors can be computed without taking account of the first two steps. From pointwise
asymptotic properties of̂gu (cf. Bierens, 1987), it is then possible to compute the standard
errors of the equivalence scales. Details are available upon request from the authors. Again,
we find that the costs of children would be quite low, confirming the results obtained by the
parametric second order specification. Only the difference between a single person and a
childless couple is significant (for the lower utility levels), costs of children are insignificant
in all cases. This suggests that costs of children could well be lower than as suggested by the
linear specification, which is rejected by the data.

To allow the equivalence scales to vary with the children’s ages, we have also
estimated various specifications using (7). A summary of the results is presented in Table 2.
For the linear specification, the results largely correspond to those in Table 1. Again, the
costs of children are quite low, even lower than those found by Kapteyn and Melenberg
(1993). Age of children does not play a large role. In many cases, estimated costs of young
children are higher than those of older children.

Adding cross terms and squares leads to some improvement (second panel of Table 2).
The costs of a child are now increasing with the age of the child. The estimated costs of
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children remain low. While the estimated costs of young children largely correspond to the
findings of Kapteyn et al. (1988), those of older children and adults are much lower. The
standard errors suggest that these results are reasonably accurate.

6. Satisfaction with Actual Income: Models and Results

The dependent variable SAI is discrete with possible values 1 through 10. An ordered
response model is therefore appropriate:

(15) y*
i = z’

iγ + εi; SAIi=j if mj−1 < y*
i < mj (j=1,...,10)

Here y*i is a latent variable. zi is a vector of regressors, including xi defined in section 5,
family composition, and log family income. The bounds mj satisfy -∞=m0<m1<... <m9<m10=∞.
By means of normalization, we choose m1=1.5 and m9=9.5. The other mj are estimated.εi is
the error term. The equivalence scales can easily be derived from (15): the log equivalence
scale is equal to the log family income difference needed to compensate for a change in
family composition. If log family income enters linearly, this is simply the ratio of the family
composition effect and the coefficient of log family income. The standard practice is to
assume

(16) εi zi ~ N(0,σ2)

This yields the ordered probit model (see Maddala (1983)), which can easily be estimated by
maximum likelihood (ML). However, ML estimates may be inconsistent if (16) is not
satisfied. Lagrange multiplier tests suggest that nonnormality or heteroskedasticity of the
errors lead to violation of (16). We therefore also consider some more flexible parametric and
semiparametric specifications.

A parametric generalization of (16) is given by

(17) P{εi≤t zi} = G(t/exp(z’
iα)), with G(s)=Φ(s+ψ1s

2+ψ2s
3)

Here Φ is the standard normal distribution function. (17) allows for (exponential)
heteroskedasticity and nonnormality. Normality is obtained forψ1=ψ2=0. For arbitraryψ1 and
ψ2, we get the family of distributions introduced by Ruud (1984). Monotonicity of G implies
that ψ1 andψ2 must satisfy

(18) ψ2
1 − 3ψ2 ≤ 0.

Semi-nonparametric Estimation (Gallant/Nychka)
A more flexible family of nonnormal distributions is introduced by Gallant and Nychka
(1987) (G&N, from now on). We replace (16) by

(19) εi zi ~ h ∈ H.
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Here H is some class of univariate densities satisfying ’mild regularity conditions’ (see G&N,
p. 387). Ruled out are densities with too violent oscillations or too fat or too thin tails.
Skewness etc. is permitted. The main idea is that any density in H can be approximated by an
element in the set HK of densities of the form

(20) h(u) = (ΣK
k=0 αk uk)2 f(u,σ), with f(u,σ)=(2πσ)−½ exp{−½u2/σ2}.

The vectorα ∈ K+1 must be such that the density is proper (see below). The approximation
can be made arbitrarily close (in some norm on H) if K is large enough, i.e. the union of all
HK (K=1,2,...) is dense in the closure of H. This implies that, under additional regularity
conditions guaranteeing uniform convergence and identification, a consistent estimator forγ
can be found by maximizing the likelihood overγ, m2,...m8 and α, provided that KN→∞ with
the number of observations N (Theorem 0 in G&N). The motivation for the G&N densities is
thus based on their properties for large K. In practice, K is chosen fixed and finite. If K is
fixed, the model is parametric and usual ML properties are valid, under the usual assumption
that HK contains the true density.

An advantage of (20) compared to other series approximations is that computing the
probabilities P{SAIi=j zi} is easy, using higher order truncated moments of the univariate
normal distribution. A second advantage is that the density is guaranteed to be nonnegative. A
third advantage is that this family nests the univariate normal distribution (with zero mean).
The number of terms to be computed for the likelihood contribution per observation, increases
with K2.

Some normalizations have to be added for practical implementation. First, the density
must be proper:∫ h(u)du = 1. This implies a restriction onα. We impose this in the same
way as Gabler et al. (1993): we start with an improper density h* determined byα*, with
α*

0=1. We then compute the integral forα*, and divide theα*
k by its square root to obtainα.

Second, nonparametric identification of the model requires a location restriction on the errors
or the systematic part. We a priori fix the constant term to its probit estimate. This is easier
than imposing restrictions onα to guarantee that the error has mean zero, the procedure
followed by Gabler et al. (1993) and Laisney et al. (1992).

Semiparametric Estimation (Horowitz/Lee)
The semi-nonparametric estimator described above maintains the assumption that errors and
regressors are independent. It does not allow for heteroskedasticity. A more general model is
obtained if (16) is replaced by

(21) Median(εi zi) = 0

Lee (1992) has proposed a consistent estimator for the model defined by (15) and (21), based
upon the observation that (15) and (21) imply

(22) Median(SAIi zi) = 1 + Σ9
r=1 1[z’

iγ≥mr]

where 1[.] denotes the indicator function. (22) immediately follows from the median
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preserving property of increasing functions. It implies

(23) (γ,m2,...,m8) = Argmin E{ SAIi − 1 − Σ9
r=1 1[z’

iγ≥mr] }.

It follows that (γ,m2,...,m8) can be estimated consistently by least absolute deviations:

(24) (̂γ,m̂2,...,m̂8) = Argmin Σi SAIi − 1 − Σ9
r=1 1[z’

iγ≥mr] .

This is the estimator proposed by Lee (1992). It generalises the maximum score estimator of
Manski (1985) for the binary choice model. It has the same drawback as Manski’s estimator:
the asymptotic distribution is intractable. For the maximum score estimator, this problem is
solved by Horowitz (1992). His ’smoothed maximum score’ estimator maximizes a smoothed
version of the sum of least absolute deviations. Exactly the same idea can be applied here.
The smoothed least absolute deviations estimator is obtained as follows (see Melenberg and
Van Soest (1994) for details). Let yir=1[y*

i≥mr]. Then yi=∑ryir. It is easy to verify that the
minimization problem (24) can be rewritten as

(25) (̂γ,m̂2,...,m̂8) = Argmax ∑i∑r(2yir − 1) 1[z’
iγ−mr≥0].

Similar to Horowitz (1992), we can smooth 1[z’
iγ−mr≥0] by K((z’

iγ−mr)/σn), where K is a
function satisfying limv→∞K(v)=1 and limv→−∞K(v)=0, and whereσn is a smoothness parameter
depending on the sample size n, with limn→∞σn=0. Thus, the smoothed version of (25)
becomes

(26) (̂γ,m̂2,...,m̂8) = Argmax ∑i∑r(2yir − 1) K((z’
iγ−mr)/σn).

This smoothed estimator is similar to Horowitz’s smoothed Maximum Score estimator, and
shares its asymptotic characteristics: consistency and the limit distribution. Convergence is
slower than n1/2. The convergence rate depends on the smoothness of the underlying model
and the choice of the function K. Following Horowitz (1992), we use

(27) K(v) = {0.5+(105/64)[(v/5)−(5/3)(v/5)3+(7/5)(v/5)5−(3/7)(v/7)7]}1[−5≤v≤5]

Under appropriate smoothness conditions, the limit distribution of the estimator defined by
(26) then satisfies

(28) n4/9((γ̂,m̂2,...,m̂8) − (γ,m2,...,m8)) N(AB,V).

Consistent estimates for the asymptotic bias AB and the asymptotic covariance matrix V can
be constructed analogously to Horowitz (1992). See Melenberg and Van Soest (1994). To
solve (26), local search algorithms are infeasible, because the objective function is not
concave and has several local maxima. We use the simulated annealing type global search
algorithm taken from Corana et al. (1987), and discussed by Goffe et al. (1994).
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Partial linear model (Robinson/Stock)
The models introduced above have various degrees of flexibility concerning the conditional
distribution of the error terms, but do not allow for nonlinearities in the systematic part. We
consider one additional specification in which the systematic part is not assumed to be linear.
Instead of using an ordered response model, we can directly model the mean of the observed
variable SAIi. We use a partial linear model, as in equation (12):

(29) SAIi = x’
iβ + g(ln yi, fsi) + εi; E{εi xi} = 0

g is an unknown function to be estimated. This model is estimated in the way described in
section 5, following Stock (1991). In this model, the true equivalence scales can be
computed numerically from the estimates of g. Unlike in the linear specification, the outcome
generally depends on the reference level of income, or, equivalently, utility. We compute
them for a household withεi, xi and utility level SAIi set equal to their sample average. For
each household of size fs, we compute ln y from

(30) ĝ(ln y, fs) = 6.273 -x̄’ β̂

We then take the ratios of required incomes for families of different composition.

Results
We first consider equivalence scales depending on family size only. The results are presented
in Table 3. The probit (col. 1), extended probit (col. 2), and semi-nonparametric (col. 3; K=3)
estimates are similar. They imply much larger costs of children than the results in the
previous section. For example, the costs of two children would amount to more than 70
percent of the budget of a childless couple.

The more flexible semiparametric estimator of the ordered response model based upon
(21), leads to smaller estimates of the costs of children. For example, the costs of two
children would amount to about 52 percent of the childless couple’s budget (standard error: 3
percent). This is still much more than in section 5 or in the related literature. The standard
errors of the Horowitz/Lee estimator are much lower than those of the other models. This
finding is similar to what other researchers have found when applying the Horowitz estimator
to a binary choice model. According to Horowitz (1992), the low standard errors might
indicate that the sample size is not yet large enough to make the asymptotic results
applicable.

The estimates based upon (29) are reasonably well in line with the semiparametric
estimates based upon the ordered response model. The standard errors, however, are huge. For
example, the estimated costs of the first two children are 58 percent of the childless couple’s
budget, with corresponding standard error 35 percent. The estimates look quite plausible, but,
according to the standard errors, could be very inaccurate. Similar results were obtained for
other values of the smoothness parameters involved in the nonparametric kernel regression
step.

In table 4, we present results of the ordered response models in which costs of
children are allowed to vary with the children’s age levels, as in (7) and (8). The probit
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model leads to very large costs of children. Its parametric extension, which is a significant
improvement considering the likelihood ratio, results in somewhat smaller costs of children.
Similar outcomes are obtained using the semi-nonparametric model. Lower costs of children
are obtained using the semiparametric Horowitz/Lee estimator. For example, the costs of the
first two children amount to about 36 percent of the childless couple’s budget. This is still
much larger than the estimates in section 5. As before, the estimated standard errors of the
semiparametric estimator are quite low. According to all specifications, the costs of a child
increase with the child’s age. The four estimators lead to substantially different estimates of
the costs of a first child of six years old. We did not estimate a partial linear regression
model based on specification (7) and (8), because of expected dimensionality problems and
because of the already large standard errors obtained in table 3.

7. Summary and concluding remarks

We have analyzed equivalence scales for Dutch households. We have started by summarizing
the results in the literature on identification. This has led to the conclusion that estimating
equivalence scales consists of two steps: first, estimate the equivalence scales for a given
fixed set of prices; second, use demand data to analyze the consequences of price changes for
the relative equivalence scales. Our analysis deals with the first step only. Consumer demand
data are not helpful here.

Instead, other, often subjective, information, can be used. We have presented a brief
overview of the results of the Leyden School, based upon the use of subjective information
concerning household income required to attain some given utility level. We have focused on
studies that use as few additional assumptions as possible. This has led to the specification in
which, for each utility level separately, required income is explained from family
composition, the level of actual income, and background variables.

Using data from the Socio-Economic Panel, we have estimated a linear specification
and various nonlinear specifications, both parametric and semiparametric. The main finding is
that estimates of the costs of children based upon the required income data are implausibly
low. For the more flexible specifications, this conclusion emerges stronger than for the linear
specification.

We have then turned to another type of subjective information, concerning the
evaluation of actual current household income. We have shown that it can be used to derive
equivalence scales in a very simple way. Several estimators of ordered response models are
compared: ordered probit, a parametric extension, a semi-nonparametric extension, and a very
general semiparametric extension. The estimators differ with respect to the assumptions
concerning the distribution of the error terms. We have also presented the results of a partial
linear model, in which the functional form of the relation between income, family size, and
expected satisfaction with income, is left unspecified. Compared to the estimates based upon
the required income data, all these models lead to much higher costs of children. The
accuracy of the results varies strongly with the chosen specification. In particular, the
semiparametric model seems to lead to very accurate estimates, while the partial linear model
yields very large standard errors.
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Because of the large variation of the standard errors obtained with the models
explaining satisfaction with income, we did not formally test whether equivalence scales
obtained with the two types of information are compatible. Still, in order to get some idea
about the compatibility of the two types of information, we constructed a second measure of
satisfaction with actual income (SAI2) from the required income questions, as follows:

(31) SAI2i = 3/2 Σk 1[yi ≥ ci(uk,hi)] + 1

The sum is taken over the six utility levels. If ci(uk,hi), required income as provided by the
head of household, is lower than actual household income yi, then we know that the
household’s utility level is at least uk. This leads to an indicator of satisfaction with actual
income, which has been transformed to a 1 to 10scale, assuming that the u1,...u6 correspond
to 2.5, ...., 8.5, and 10, respectively. For example, SAI2i=8.5 means that actual family income
is between the incomes considered ’good’ and ’very good’.

If the two types of information would be compatible, SAI2 and SAI should be similar.
Their correlation coefficient is only 0.31, however. For example, about 11 percent of all
families have a value of SAI of at most 5, but a value of at least 8.5 for SAI2. The average
value of SAI2 is 7.79, while the average value of SAI is only 6.27. Apparently, the two
measures of satisfaction with actual income are incompatible.

Several explanations for this finding are possible. The first is that our allocation of the
six utility levels ’very bad’, ’bad’, ..., ’very good’ to the values 2.5, 4, ..., 10 on the SAI scale
is wrong. This allocation is in line with the theory of cardinal utility functions developed by
Kapteyn (1977). A second, more plausible, interpretation is that our objective measure of
actual family income does not correspond to the income concept used by the head of the
household when answering the required income question. Kapteyn et al. (1988) compare
objective actual household income with categorical information on household income directly
provided by the head of the household, and show that certain components of household
income are strongly underestimated. For example, the head of the household has almost
perfect knowledge of his own earnings, but tends to report less than 80 percent of the
spouse’s earnings, and less than 30 percent of earnings of children or family allowance. If the
head of the household underestimates required income in a similar way as actual household
income, this could explain the deviation between the two measures of satisfaction with actual
income, as well as the low estimates of costs of children from the required income
information.

The direct question about satisfaction with income does not require that the respondent
estimates household income. We tend to have more confidence in the outcomes based upon
this than in the outcomes based upon the required income questions. Ex ante, we would tend
to believe that the satisfaction with actual income question is easier to answer than the
required income questions. The former refers to the family’s actual situation, while the latter
refers to some virtual situation, which seems less well-defined. Ex post, we find the former
outcomes more plausible than the latter.

References



15

Alessie, R., A. Kapteyn, and B. Melenberg (1995), "Subjective poverty definitions and
reference groups," mimeo, Tilburg University.

Barten, A. and V. Böhm (1982), "Consumer Theory", in Handbook of Mathematical
Economics Vol. II, K. Arrow and M. Intrilligator (eds), North-Holland: Amsterdam.

Bierens, H. (1987), "Kernel estimators of regression functions", in Advances in Econometrics
1985, T.F. Bewley (ed), Cambridge University Press, New York.

Blundell, R. and A. Lewbel (1991), "The information content of equivalence scales", Journal
of Econometrics, 50, 49-68.

Blundell, R. and I. Walker (1986), "A Life Cycle Consistent Empirical Model of Labour
Supply using Cross Section Data," Review of Economic Studies, 53, 539-558.

Browning, M. (1992), "Children and household economic behavior", Journal of Economic
Literature, 30, 1434-1475.

CBS (1991), Sociaal-economisch panelonderzoek, mimeo, Netherlands Central Bureau of
Statistics: Voorburg.

Corana, A., M. Marchesi, C. Martini and S. Ridella (1987), "Minimizing multimodal functions
of continuous variables with the ’simulated annealing agorithm’", ACM Transactions on
Mathematical Software, 13, 262-280.

Gabler, S. F. Laisney, and M. Lechner (1993), "Semi-nonparametric maximum likelihood
estimation of binary choice models with an application to labour force participation", Journal
of Business and Economic Statistics, 11, 61-81.

Gallant, A.R. and D.W. Nychka (1987), "Semi-nonparametric Maximum Likelihood
estimation", Econometrica, 55, 363-390.

Goffe, W.C., G.D. Ferrier and J. Rogers (1994), "Global optimization of statistical functions
with simulated annealing", Journal of Econometrics, 60, 65-99.

Horowitz, J.L., (1992), "A smoothed maximum score estimator for the binary response
model", Econometrica, 60, 505-531.

Jenkins, S.P. (1991), "The measurement of income inequality", in Economic Inequality and
Poverty, L. Osberg (ed), M.E. Sharpe: New York, 3-38.

Kapteyn, A. (1977), A theory of preference formation, PhD dissertation, Leyden University.



16

Kapteyn, A., P. Kooreman, and R. Willemse (1988), "Some methodological issues in the
implementation of subjective poverty definitions", Journal of Human Resources, 23, 222-242.

Kapteyn, A. and B. Melenberg (1993), "Measuring the well-being of the elderly", in Age,
work and social security, A. Atkinson and M. Rein (eds.), Macmillan, London.

Kapteyn, A. (1994), The measurement of household cost functions: revealed preference versus
subjective measures, mimeo, Tilburg University.

Laisney, F., M. Lechner, and W. Pohlmeier (1992), "Semi-nonparametric estimation of binary
choice models using panel data: an application to the innovative activity of German firms",
Recherches economiques de Louvain, 58, 330-343.

Lee, M-j, (1992), "Median regression for ordered discrete response", Journal of Econometrics,
51, 59-77.

Lewbel, A. (1989), "Household equivalence scales and welfare comparisons", Journal of
Public Economics, 39, 377-391.

Maddala, G.S. (1983), Limited dependent and qualitative variables in econometrics,
Cambridge University Press: Cambridge (Mass.)

Manski, C. (1985), "Semiparametric analysis of discrete response", Journal of Econometrics,
27, 313-333.

Manski, C. (1993), "Identification of endogenous social effects: the reflection problem",
Review of Economic Studies, 60, 531-542.

Melenberg, B. and A.H.O. van Soest (1994), Parametric and semiparametric estimation of
ordered response models with an application to satisfaction with life, mimeo, Tilburg
University.

Nelson, J. (1994), "Household equivalence scales: theory versus policy", Journal of Labor
Economics, 11, 471-493.

Pollak, R.A. and T.J. Wales (1979), "Welfare comparisons and equivalence scales", American
Economic Review, papers and proceedings, 69, 216-221.

Poulin, S. (1988), An application of analytic techniques to Canadian income satisfaction data,
Staff report, Statistics Canada, Labour and Household Surveys Analysis Division: Ottawa.

Robinson, P. (1988), "Root-N consistent semi-parametric regression", Econometrica, 56, 931-
954.



17

Ruud, P.A. (1984), "Tests of specification in econometrics", Econometric Reviews, 3,
211-242.

Stock, J. (1991), "Nonparametric policy analysis: an application to estimating hazardous waste
cleanup benefits", in Nonparametric and Semiparametric methods in econometrics and
statistics, W.A. Barnett et al. (eds), Cambridge University Press: Cambridge (Mass.), 77-98.

Van Praag, B.M.S. (1968), Individual welfare functions and consumer behavior, North-
Holland: Amsterdam.

Van Praag, B.M.S. (1991), "Ordinal and Cardinal Utility: an integration of the two
dimensions of the welfare concept", Journal of Econometrics, 50, 69-89.

Van Praag, B.M.S. and N.L. van der Sar (1988), "Household cost functions and equivalence
scales", Journal of Human Resources, 23, 193-210.

Vaughan, D. (1984), "Using subjective assessments of income to estimate family equivalence
scales: a report on work in progress", Proceedings of the Social Section of the American
Statistical Association, 496-501.

Wansbeek, T. and A. Kapteyn (1985), "The individual welfare functions", Journal of
Economic Psychology, 6, 333-363.



17

Table 1a: ’True’ equivalence scales Van Praag & Van der Sar model

FS C1 C2 C3 C4 C5 C6
1 0.895 0.907 0.912 0.917 0.931 0.953

0.010 0.010 0.011 0.011 0.013 0.016
2 1.000 1.000 1.000 1.000 1.000 1.000

0.000 0.000 0.000 0.000 0.000 0.000
3 1.067 1.059 1.055 1.052 1.043 1.028

0.007 0.007 0.007 0.007 0.008 0.010
4 1.117 1.102 1.096 1.091 1.074 1.049

0.013 0.013 0.013 0.013 0.014 0.018
6 1.192 1.167 1.157 1.148 1.121 1.079

0.021 0.021 0.022 0.022 0.024 0.029

Table 1b: ’True’ equivalence scales extended version
Van Praag & Van der Sar (with squared and cross terms)

FS C1 C2 C3 C4 C5 C6
1 0.799 0.820 0.837 0.872 0.918 1.041

0.020 0.019 0.019 0.021 0.028 0.074
2 1.000 1.000 1.000 1.000 1.000 1.000

0.000 0.000 0.000 0.000 0.000 0.000
3 1.095 1.087 1.081 1.064 1.037 0.985

0.012 0.011 0.010 0.009 0.009 0.016
4 1.150 1.139 1.131 1.105 1.059 0.977

0.024 0.022 0.020 0.019 0.019 0.026
6 1.207 1.198 1.192 1.156 1.085 0.968

0.049 0.044 0.043 0.039 0.039 0.047

Table 1c: ’True’ equivalence scales semiparametric model

FS C1 C2 C3 C4 C5 C6
1 0.890 0.904 0.918 0.941 0.969 1.006

0.031 0.028 0.028 0.030 0.036 0.052
2 1.000 1.000 1.000 1.000 1.000 1.000

0.000 0.000 0.000 0.000 0.000 0.000
3 1.050 1.043 1.037 1.026 1.012 0.993

0.032 0.026 0.024 0.024 0.027 0.035
4 1.067 1.057 1.048 1.033 1.012 0.983

0.034 0.028 0.025 0.025 0.027 0.034
6 1.073 1.060 1.050 1.033 1.005 0.964

0.045 0.035 0.030 0.028 0.030 0.036

Explanation : FS= Family size;
C1: corresponds to level 1;
C2: corresponds to level 2, etc.
Each first row gives the estimated equivalence scales;
Each second row gives the estimated standard error.
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Table 2: ’True’ equivalence scales with age function included

no cross terms cross terms
NA K1 K2 K3 K4 K5 K6 C1 St err C1 St err

1 . . . . . . 0.913 0.015 0.833 0.028
2 . . . . . . 1.000 0.000 1.000 0.000
2 6 . . . . . 1.086 0.012 1.047 0.038
2 12 . . . . . 1.067 0.008 1.069 0.022
2 12 6 . . . . 1.131 0.016 1.106 0.047
2 18 12 6 1 . . 1.200 0.021 1.229 0.038

NA K1 K2 K3 K4 K5 K6 C3 St err C3 St err
1 . . . . . . 0.927 0.017 0.886 0.026
2 . . . . . . 1.000 0.000 1.000 0.000
2 6 . . . . . 1.073 0.012 1.054 0.032
2 12 . . . . . 1.060 0.008 1.057 0.018
2 12 6 . . . . 1.114 0.015 1.099 0.038
2 18 12 6 1 . . 1.159 0.021 1.176 0.030

NA K1 K2 K3 K4 K5 K6 C6 St err C6 St err
1 . . . . . . 0.932 0.018 0.926 0.020
2 . . . . . . 1.000 0.000 1.000 0.000
2 6 . . . . . 1.048 0.013 1.044 0.015
2 12 . . . . . 1.048 0.009 1.047 0.010
2 12 6 . . . . 1.083 0.017 1.080 0.018
2 18 12 6 1 . . 1.118 0.023 1.113 0.022

Explanation : NA = Number of adults;
K1-K6: Age of the children; . means: not included;
C1 corresponds to level 1, C3 to level 3, C6 to level 6.
St err: Estimated standard error.
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Table 3: Equivalence scales based on Satisfaction with Actual Income (SAI)

Pr Ext Pr Gall/N Hor/L Partial LM
FS

1 0.553 0.585 0.556 0.659 0.726
0.024 0.022 0.024 0.012 0.117

2 1.000 1.000 1.000 1.000 1.000
0.000 0.000 0.000 0.000 0.000

3 1.414 1.369 1.410 1.277 1.280
0.036 0.030 0.036 0.014 0.205

4 1.807 1.711 1.799 1.518 1.485
0.079 0.065 0.079 0.028 0.255

6 2.554 2.342 2.535 1.938 1.838
0.177 0.141 0.177 0.056 0.414

Explanation : FS = Family size;
Each first row gives the equivalence scale;
Each second row gives the estimated standard error.
Probit: Ordered Probit;
Ext Pr: Extended version Ordered Probit;
Gall/N: Gallant & Nychka;
Hor/L: Horowitz & Lee;
Partial LM: Semiparametric partial linear model.

Table 4: Equivalence scales based on Satisfaction
with Actual Income (SAI), with age function included.

NA K1 K2 K3 K4 K5 K6 Prob St err Ext Pr St err
1 . . . . . . 0.531 0.029 0.573 0.025
2 . . . . . . 1.000 0.000 1.000 0.000
2 6 . . . . . 1.341 0.071 1.251 0.056
2 12 . . . . . 1.401 0.046 1.333 0.037
2 12 6 . . . . 1.725 0.113 1.563 0.088
2 18 12 6 1 . . 2.482 0.182 2.110 0.127

NA K1 K2 K3 K4 K5 K6 Gall/N St err Hor/L St err
1 . . . . . . 0.558 0.024 0.581 0.013
2 . . . . . . 1.000 0.000 1.000 0.000
2 6 . . . . . 1.276 0.056 1.119 0.021
2 12 . . . . . 1.355 0.036 1.258 0.015
2 12 6 . . . . 1.611 0.087 1.362 0.033
2 18 12 6 1 . . 2.215 0.125 1.842 0.053

Explanation : NA = Number of adults;
K1-K6: Age of the children; . means: not included;
Prob: Ordered Probit;
Ext Pr: Extended version Ordered Probit;
Gall/N: Gallant & Nychka;
Hor/L: Horowitz & Lee;
St err: Estimated asymptotic standard errors.
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Figure 1. Distribution of actual income and of required income for utility
levels 1,...,6
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Figure 2. Distribution of income required for utility level 3
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Figure 3. Nonparametric regression of required income (utility levels 1,...,6) on actual
income, with uniform 95 percent confidence bands
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Figure 4. Nonparametric regression of satisfaction with actual income (SAI) on actual
income, with uniform 95 percent confidence bands.


