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Non–technical Summary

Recent reforms of the social security system in Germany will almost certainly lead to the

merger of social benefits (Sozialhilfe) and unemployment assistance (Arbeitslosenhilfe) by

the year 2005. When this reform takes effect, up to 1.7 million individuals and their families

will obtain new needs-oriented social benefits (Arbeitslosengeld II) in addition to the over

2.3 million employable individuals currently receiving similar social benefits. In contrast to

the current benefit system, the system of new social benefits is intended to provide stronger

incentives to the unemployed to search for and accept new jobs (Hartz, 2002). However,

gross need for social benefits will continue to be calculated on the basis of equivalence scales

which determine the equivalent income between different demographic groups of households

such that both types of households can achieve the same standard of living. The design of the

equivalence scale scheme will therefore essentially drive the incentives for job seekers. This

means that, finding appropriate values for the equivalence scales will assume even greater

importance in the future.

This paper presents a comprehensive empirical study of the semiparametric estimation

of consumption based equivalence scales. Equivalence scales for Germany are estimated by

applying Wilke’s (2003) estimator for the extended partially linear model suggested by Blun-

dell et al. (1998) to the most recent version of the German income and consumption survey

data (EVS 1998). For estimation purposes the data is segmented into homogenous groups

of households conditional on employment status of the household head or the income level.

The estimated consumption based equivalence scales are mostly lower than the equivalence

scales of the German social benefits system.

It is difficult to infer policy recommendations from the results because of the large stan-

dard errors of the estimates and because of some degree of theoretical arbitrariness involved

in the underlying modelling approach. However, the estimations provide some indications

that on average the costs for additional persons in a household are at least covered by the

standard rates of German social benefits. In the light of recent decisions of the Federal Con-

stitutional Court (Bundesverfassungsgericht) concerning the costs of children and growing

discussion of demographic transitions in Germany, it is not apparent from the estimation

results that equivalence scales need to be increased for households with children.
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1 Introduction

Recent reforms of the social security system in Germany will lead to the merger of so-

cial benefits (Sozialhilfe) and unemployment assistance (Arbeitslosenhilfe) by the year 2005.

When this reform takes effect, up to 1.7 million individuals1 and their families will obtain

new needs-oriented social benefits (Arbeitslosengeld II) in addition to the over 2.3 million

employable individuals currently receiving similar social benefits. In contrast to the social

benefits system, the system of new social benefits is intended to provide stronger incen-

tives to the unemployed to search for and accept new jobs (Hartz, 2002). However, gross

needs for social benefits will still be calculated on the basis of equivalence scales which will

essentially drive the incentive scheme. This means that finding appropriate values for the

equivalence scales will assume even greater importance in the future. This paper provides

estimates for this purpose by applying the semiparametric estimator of Wilke (2003) to the

most recent version of the German income and consumption survey. It is the first compre-

hensive application of this estimator. Previous work for Germany was done with parametric

demand systems which impose strong restrictions on the functional forms of the household

expenditure shares.

Equivalence scales are often used in welfare systems to compute households’ need for

financial support. These scales determine whether and to what extent households are eligible

for social benefit transfer payments. To make things more precise, let us state what is usually

understood as an equivalence scale:

Equivalence scales deflate household money income [. . . ] according to house-

hold type to ”calculate the relative amounts of money two different types of house-

holds require in order to reach the same standard of living”. (Muellbauer, 1977)

The purpose of social benefit transfer payments is to ensure that all households enjoy a

minimum standard of living. If equivalence scales are incorrectly codified, the standard

rates for social benefits will not coincide with their intended values. If transfer payments

are too high, the respective household may receive more money than it needs to reach the

1Note that the set of social benefits recipients and the set of unemployment assistance recipients are not

disjoint.
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minimum standard of living. On the other hand, if the value of the equivalence scales is too

low, the respective household may not be able to achieve the minimum standard of living.

The standard rates must therefore be determined with great care.

Many theoretical and empirical contributions have already examined the issue of how to

find a reasonable equivalence scale for this purpose. In most cases one of the following three

approaches has been adopted.2

In the first approach, ”expert scales” are devised based on the opinion of social security

experts. Table 1 presents two scales in this class. The standard rates of the German so-

cial benefits system and the so-called OECD scales. The average gross needs in table 1 are

the empirical numbers for Germany. Rates calculated from these numbers deviate from the

standard rates because they also consist of expenses for housing, heating and general supple-

mentary costs. In the case of Germany the expert scales are supported by several example

calculations. The main criticism of this approach is its lack of theoretical justification which

means that the resulting equivalence scales appear to be ad hoc to a large extent.

The second approach uses data about the degree of satisfaction of a household with its

income in order to determine subjective equivalence scales. One criticism of this method is

that the results depend on subjective valuations. Other more objective criteria would be

preferable. However, with this method equivalence scales can be estimated with sophisticated

econometric methods. See Bellemare, Melenberg and van Soest (2002) for a comparison of

different estimators using the German Socio Economic Panel (GSOEP).

2Alternative classifications can be found in Coulter, Cowell and Jenkins (1992). See Merz and Faik (1995)

for further references.
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Table 1: Comparison of existing equivalence scales schemes

German social benefits OECD (1982)

Standard rates∗ Average gross needs∗∗

West East

Single households

without children (S0) 1.00 1.00 1.00 1.00

with one child (S1) 1.65 1.64∗∗∗ 1.68∗∗∗ 1.50

Couple households

without children (C0) 1.80 1.58 1.62 1.70

with 1 child (C1) 2.45 2.04 2.11 2.20

with 2 children (C2) 3.10 2.47 2.58 2.70

with 3 children (C3) 3.75 2.92 3.03 3.20

∗ Federal Law for Social Benefits (BSGH), children of age 7-13

∗∗ Reporting date 1/JAN/2003, source: Federal Ministry of Health and Social

Security

∗∗∗ Child aged < 7

The third approach -consumption based equivalence scales- is based on consumer theory.

These scales are determined on the basis of households consumption behavior and can be es-

timated by using comprehensive cross section consumption data at the household level. This

paper aims at estimating consumption based equivalence scales for Germany by using the

semiparametric estimator of Wilke (2003) and the 1998 income and consumption survey of

Germany. In the past this class of equivalence scales was mainly estimated with parametric

linear demand systems. See for example Blundell and Lewbel (1991) for Britain, and Merz

and Faik (1995) for Germany. Empirical evidence, however, has shown that in many cases

households have nonlinear demand functions. (See, for example, Blundell, Paschardes and

Weber,1993). An extension to nonlinear parametric or partially linear expenditure systems

is straight and accounts for this misspecification. New developments in consumer theory

show that this model choice may also be inappropriate when demographic variation is taken
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into account (Blundell, Duncan and Penkadur, 1998). In this light the parametric quadratic

specification of Kohn and Missong (2003) for Germany appears to be crucial. Blundell et

al. (1998) introduced a semiparametric approach, the so-called extended partially linear

model (EPLM) which is based on the work of Pendakur (1999). In the EPLM the equiva-

lence scales are identified from the non-linearities in the demand functions. It is well known

that linear and quadratic parametric demand functions heavily restrict or do not even al-

low for nonlinearities. The EPLM by contrast, is more flexible because it allows for fully

nonparametric expenditure shares. Wilke (2003) developed an implementable estimator for

the EPLM and derived its theoretical properties. A small-scale application with the British

Family expenditure survey indicates that this model is empirically supported. In this paper

the EPLM and the same estimator are applied to the 1998 income and consumption survey

(EVS) carried out in Germany. Compared to the previous versions a new design of the 1998

EVS survey is one step towards less measurement errors and more representative data. In

this paper, a flexible estimator is thus applied to the best data currently available. The

model specification appears to be appropriate for a variety of estimations which are not only

conditional on demographics. It also segments the data according to the lowest or highest

quartile of the household net income. Some of the estimated average equivalence scales are

below and some are in the range of the expert scales used for the calculation of the gross

needs for social benefits in Germany. However, the underlying approach also involves a

degree of arbitrariness (Pollak and Wales, 1992, Kohn and Missong, 2003) which is mainly

due to assumptions that cannot be tested and lack of data. Therefore, precise policy rec-

ommendations cannot be derived. Furthermore, some estimation results may be biased due

to different compositions of the samples that are compared. In addition, severe standard

errors lead to impreciseness in some cases. Possible measurement errors due to commodity

aggregation and misreporting of the households may also affect the results. Nevertheless, we

can postulate that this paper provides the first comprehensive empirical result for this class

of models and most of criticism mentioned in this paper is aimed at the majority of contri-

butions in this field. The underlying model is based on consumer theory, and the results are

obtained from comprehensive data set. These are the striking advantages compared to the

other approaches for the determination of equivalence scales.
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The paper is structured as follows: Section 2 presents the theoretical framework of the

underlying consumer theory. Section 3 sketches the system of social benefits in Germany and

explains the importance of equivalence scales. Section 4 introduces the econometric model

for the estimation of the extended partially linear model. Section 5 describes the data. The

estimation results are presented in section 6. The last section concludes this paper and

provides suggestions for further research.

2 Consumer Theory

This section presents the underlying static microeconomic framework for the econometric

analysis. Since we consider cross section data which should be recorded at a given point of

time we ignore calendar time variations. We denote m(x, z, p) as the the vector of expenditure

shares for commodities j = 1, . . . , J , where x is the log. of total expenditure, z is a household

specific finite dimensional vector of observable characteristics and p is the J ×1 vector of log

prices. The equivalence scale between two groups z1 and z0 is defined as exp(α(z1, p)). It can

be identified from the respective cost functions c(p, u, z0) and c(p, u, z1), which correspond

to the minimum expenditures in order to achieve a specific utility level u. More specifically,

we have

α(z1, p, u) = lnc(p, u, z1) − lnc(p, u, z0),

where α is the log. of the equivalence scale and z0 denotes the reference group. Then

household z1 requires exp(α(z1, p, u)) of the reference household’s income to reach the same

utility level u. Cost functions and expenditure shares are directly related because we have

m(x, z, p) = ∂lnc(p, u, z)/∂p from Shepard’s lemma. This relationship suggest that the

equivalence scales are identified from consumption data. However, the empirical approach

to this method leads to the problem that u is not observed, even though it is vital to know

the utility level for welfare comparisons. This fundamental problem has not yet been solved

(Pollak and Wales, 1992) and therefore further conditions are necessary which will ensure

that the equivalence scale is independent of the utility level. Stronger assumptions such

as the independence of the base utility, i.e. α(z, p, u) = α(z, p), overcome this difficulty

but they still lack empirical support. Kohn and Missong (2002) therefore conclude that
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”observed demand quantities do not suffice for a unique identification of equivalence scales

– a fact that renders welfare comparisons impossible”. Moreover, the utility arising from

leisure is ignored by uniquely focusing on utility coming from consumption. Consequently,

the leisure related part is not captured by a model that is solely estimated with consumption

data. If we assume that utility can be separated into consumption and leisure, we would

model and estimate solely the consumption-related utility element.

A variety of functional forms for expenditure shares are consistent with economic theory.

A popular linear specification is the so-called Price-Independent Generalized Logarithmic

(PIGLOG, see Muellbauer, 1976). It arises from indirect utility functions which are linear

in the log. of total expenditure. Complete demand systems such as the AIDS (Deaton

and Muellbauer, 1982) and the ELES (Lluch, 1973) are based on linear specifications of the

expenditure shares. Today there is enough empirical evidence that this specification has to

be generalized, because there is a nonlinear relationship for many goods. The partially linear

model (PLM) is a generalization which includes the quadratic model as a special case. This

class of models has attractive theoretical properties, and there is empirical evidence available

for the quadratic specification (Blundell et al., 1993). More recently, Blundell et al. (1998)

stated that if the expenditure share of one commodity is PIGLOG, then consumer theory

induces the same property for all demand functions in a demand system. As a consequence

the nature of the PLM can drastically restrict the functional forms for all expenditure shares

in order to be still consistent with consumer theory if the demand function for one single

good is linear. For this reason demand systems based on expenditure shares belonging to the

class of PLMs involve crucial functional form restrictions for the estimation of equivalence

scales. There is also some evidence that this is relevant when applying this method since, for

example, the expenditure share for food is linear in Britain (Blundell et al., 1998). Inspired

by Pendakur (1999) and the findings for Britain, Blundell et al. (1998) suggest an alternative

system of expenditure shares that accounts for demographic decomposition, is nonlinear in

log of total expenditure and consistent with consumer theory. In this case, however, we need

to start off with the assumption that the equivalence scales are independent of the baseline

utility. Given a smooth unknown function gj, Blundell et al. (1998) state the following

lemma for the extended partially linear model (EPLM):
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If expenditure shares have the EPLM form:

mj(x, z, p) =
∂α(z, p)

∂pj

+ gj(x − α(z, p)), (1)

then if the reference share equations

mj(x, z0, p) = gj(x, p) (2)

are consistent with consumer theory and exp(α(z, p)) is weakly concave and homogeneous

of degree zero in exp(p), expenditure shares given by (1) are also consistent with consumer

theory.

The derivation of the EPLM and further underlying theory can be found in Pendakur

(1999) and in Blundell et al. (1998). It uses the main tools of dual theory and skillfully

exploits the definition of baseline-utility-independent equivalence scales. Interestingly, the

class of functionals in equation (1) belongs to the shape invariant models because we have

simple vertical and horizontal (due to α(z, p)) shifts of an unknown smooth function gj.

Apparently, the shape of the nonparametric function gj may differ across the commodities,

whereby α(z, p) does not. The horizontal shift α(z, p) is of particular interest because its

exponential transformation is the equivalence scale. The EPLM is therefore a general theo-

retical model for the estimation of equivalence scales that are independent of the base utility.

It requires very mild assumptions on the functional form of the reference share equations

(2) and it identifies the equivalence scales from the nonlinearities in the demand functions.

It thus requires a flexible estimator in the empirical analysis that does not impose strong

restrictions on the functional form of the derivatives of the expenditure shares.

3 Equivalence Scales for Social Benefits

- the Case of Germany

In Germany most social benefits (and nowadays new social benefits) for more than 1.24

million households were calculated according to a method based on equivalence scales until
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2004. See table 4 (appendix) for a descriptive overview of the year 2001. 3 Each household

has a defined income requirement in order to achieve a minimum standard of living. The

gross needs (Bruttobedarf) for social benefits should meet this amount. The calculation of

the amount of gross needs is based on two parts: firstly, the standard rate (Regelsatz) and

secondly, payments for housing, heating and other supplementary general costs. Standard

rates are supposed to cover ongoing expenses for means of subsistence according to a fixed

scheme that accounts for the demographic composition, i.e. the number of adults and the

number of children living in the respective household. A civil servant at the social assistance

office calculates the payments for housing, heating and other supplementary general costs on

a case by case basis. The net entitlement in table 4 corresponds to the gross needs for social

benefits minus the current income of the household. The net entitlement is the amount of

money finally paid to the household.

The demographic composition of a household plays an essential role in determining the

standard rates. For the latter the social planner computes the equivalent income between

the demographic groups of households on the basis of an equivalence scale that is codified

in the Federal Law of Social Benefits (BSHG). Table 1 presents the equivalence scales of

the German social security system and the widely accepted ”OECD (1982) scales”. It also

shows the demographic compositions that are subsequently considered for the estimations.

It is evident that standard rates in Germany are higher than the OECD rates. If we look

at the - empirically relevant - average gross needs, the opposite appears to be the case. The

empirical scales computed from the average gross needs are below the OECD scales, with

the exception of the scale between single person households and single parents with a child.

This interesting observation has not been noted to date in the related empirical literature

about Germany, e.g. Merz and Faik (1995) and Kohn and Missong (2003). One plausible

explanation for this phenomenon is that the civil servants at the social assistance offices

expect larger economies of scales in expenses for housing, heating and other supplementary

costs of the household.

3Table 4 contains information about regular means of subsistence only. Households in specific circum-

stances, e.g. disabled persons who receive social benefits are not included because it is not possible to identify

these households in the data.
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4 Econometric Model

Economic theory suggests that the EPLM would be an appropriate framework for empirical

analysis. The advantages of this semiparametric approach are also clear from the viewpoint

of an econometrician: the risk of misspecification of the functional form of the expenditure

shares is lower than for purely parametric models. Furthermore, the rate of convergence of

the parameter of interest, e.g. of the equivalence scale parameter, is the same as in parametric

frameworks N1/2, where N is the number of observations. Purely nonparametric estimators

are ruled out as possible alternatives, as we intend to estimate a parameter of interest. In

this paper we use the recently developed estimator of Wilke (2003) which is based on the

work of Härdle and Marron (1990), which provides applicable solutions to the identification

problems involved in this framework, and which has better finite sample properties.

We assume the availability of cross section data at a given point of time with given log.

prices p. Define m0
j(x) = mj(x, z0, p) as the share equation of the reference household type

z0 and m1
j(x) = mj(x, z1, p) for any z1 �= z0. According to the restrictions of the EPLM we

may write equation (1) as (Blundell et al., 1998)

m1
j(x) = aj + m0

j(x − α), (3)

where the function m1
j is a vertically and horizontally shifted translation of the reference

function m0
j . Our empirical focus is on the estimation of the parameter α, which corresponds

to the log. of the equivalence scale. The parameter aj reflects the elasticity of the equivalence

scale with respect to the commodity price j. For the estimation of equation (3) we always

compare two homogeneous subgroups of households. For each subgroup we have a sample

of observations with different sample sizes N0 and N1. In order to identify the equivalence

scale, we need a consistent estimate of α. We therefore introduce the estimation model and

the identification conditions as given by Wilke (2003).

Suppose we have samples (Yji, Xi)i=1,...,N0 and (Sji,Wi)i=1,...,N1 with j = 1, ..., J . Let us

assume the following functional relationships:

Yji = m0
j(Xi) + Uji

Sji = m1
j(Wi) + Vji for j = 1, . . . , J
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with E(Uji|Xl) = E(Vji|Wl) = 0 for all i, j and l. Uji and Vji have finite fourth moments and

the pairs Uji, Vji are mutually independent. Xi ∈ X1 and Wi ∈ W are i.i.d. random variables

with realizations on compact sets with twice differentiable densities fx(x) > 0 and fw(w) > 0

for all x and w. Furthermore, let the true parameter values aj0 for j = 1, . . . , J and α0 be in

the interior of open subsets in IR. Let us denote the set {x − α} = Wα for all x ∈ X1. The

following assumptions ensure that the parameters can be identified: W∩Wα is nonempty for

all α. This condition implies that the support of the two nonparametric functions overlaps

for all α. There exists a j such that the function m0
j(x−α) is not periodic on W∩Wα. This

means that for at least one commodity there is no α �= α0 with m0
j(x − α) = m0

j(x − α0)

for all x − α ∈ W ∩ Wα. This is required for a unique solution in α. Furthermore, j is

such that the function m0
j(x− α) is nonlinear on W ∩Wα for all α. This is required for the

joint identification of aj and α. Under several technical assumptions on the nonparametric

estimates of m0, m1 and f , the solution to the problem

mina,αLN0,N1(a, α) =
J∑

j=1

∫
W∩Wα

[m̂1
j(x) − aj − m̂α

j (x)]2dx∫
W∩Wα

f̂x(x)dx
, (4)

yields consistent parameter estimates, where m̂α
j (x) denotes the nonparametric estimate of

the function m0
j after shifting it horizontally by the parameter α.4 Under further technical

conditions the parameter estimates converge at the rate N1/2 and are normally distributed

(Wilke, 2003). We use here the HM4SE5 which is an improved version of the Härdle and

Marron (1990) estimator.6 The estimator is implemented as follows:

1. Estimate the nonparametric functions m0
j and m1

j for j = 1, . . . , J . In our applications

we use the Nadaraya-Watson estimator and the local linear smoother with constant

bandwidths that are obtained with a plug-in method as given in Fan and Gijbels (1995).

4In fact the estimation objective function (4) does not involve the shape invariance restriction across all

household types z because it is restricted to the comparison of two household types only. The equivalence

scales could be estimated for all groups simultaneously by using m̂0
j (x) = a′

jz + m̂j(x − α′z), where aj and

α are column vectors of the length of the total amount of demographic groups and z is a dummy vector of

the same length.
5HM4SE is introduced by Wilke (2003).
6Alternative approaches can be found in Stengos and Wang (2002) and Pendakur (2004) who use a

penalizing function in order to overcome the finite sample difficulties.
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A parametric nonlinear least squares (NLS) estimator is also applied as a benchmark,

which imposes a quadratic specification of the expenditure share.7

2. Estimate the parameters aj given α by least squares, i.e.

minaj

∫
W∩Wα

(m̂1
j(x) − aj − m̂α

j (x))2dx

for any α and all j. Denote the estimate âα
j .

3. Solve problem (4) numerically in α conditional on âα
j in order to obtain α̂. Denote the

function LN0,N1(α|aα) as the loss function in α.

4. âj = âα̂
j for j = 1, . . . , J .

The least squares estimation in step three is not efficient, since the variance of the non-

parametric estimators is a function depending on the location on the support where it is

evaluated. This variance function might be estimated by (wild)-bootstrap and used for

constructing weights in the least squares estimation.

The standard errors of the parameter estimates are computed from the empirical distri-

bution of the parameter estimates obtained by wild bootstrapping. Wild bootstrapping in

the EPLM is described in the appendix A I.

5 Data

The 1998 German Income and Consumption Survey (EVS) is used for the estimations. This

survey data is based on 49, 720 households from both West and East Germany with more

than 900 variables (demographic, consumption and income related). It is a quota sample

with voluntary participation and is therefore not representative with regard to the whole

population (Kühnen, 1999). Singles and blue-collar workers, for instance, have a lower rate

of reply. The same is true for households with low or high incomes. Projection factors

are available to generate representative results. The analysis in this paper does not use

these factors as there is no obvious reason for doing so because the analysis is performed for

7This specification restricts the nonlinearities to a constant. The aim is to use it to verify whether results

are sensitive with respect to this restriction.
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homogenous demographic groups conditional on the level of household net income and/or

on the employment status of the household head. We can only assume that the observed

consumption behavior in each of the segments is nevertheless representative for the whole

population segment. It is also important to mention that the sample and census design have

significantly changed from previous EVSs used, for instance, by Merz and Faik (1995), and

Kohn and Missong (2003). Due to the voluntary participation of the households and the

generally long recording period of one year 8, attrition was too high in the past (Chlumsky

and Ehling, 1997). For this reason the responsible Federal Statistical Office (Statistisches

Bundesamt) reduced the recording period from one year to three months. In the author’s

view, this should also increase the quality of the observed variables. They should become

more precise (due to higher motivation of the recording households). Moreover, the proba-

bility is greater that variables such as employment status, demographic decomposition and

prices do not actually vary, as the former are recorded by interviews at the beginning and

at the end of the recording period only. For estimations we only use observations that are

recorded in the second or in the third quarter of the year, i.e. during summer time, in

order to exclude calendar time effects on the consumption structure of the households. In

terms of commodity aggregation we are confronted with the following trade-off: if we use all

possible consumption items available in the data (several hundred) there will be insufficient

observations and in many cases one commodity may substitute a very similar one. There is

therefore no alternative but to work with several aggregated commodity groups. However,

aggregation must be done carefully so as to avoid measurement errors which could seriously

bias the estimation results. The econometric model is estimated using 12 aggregated com-

modity groups which are presented in table 2. These groups are directly taken from the

1998 EVS data. Since economic theory suggests that the equivalence scale does not depend

on the specific consumption good, none of the original EVS groups is excluded from the

estimations. In addition, a larger dimension of the expenditure shares vector provides more

structure for the econometric model, since it incorporates more nonlinearities. The aggre-

gation of the commodities is performed by the German Federal Statistical Office, and the

commodity categories are created in such a way that each reflects a central need of the house-

8There are also, to some extent, records on a monthly basis (Feinaufschriebe).
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Table 2: EVS commodity groups.

j Commodity group

1 Food 2 Clothing

3 Housing 4 Energy

5 Interior decoration 6 Health care

7 Transport 8 Communication

9 Leisure and travelling 10 Education

11 Board and lodging 12 Other goods

holds. This categorization is harmonized with international standards, i.e. COICOP 1998.9

It seems therefore reasonable to adopt this categorization for our purposes. However, it is

not clear to which extent measurement error might occur due to this aggregation. Another

source of error is nonresponse of the households. A total of 8.5% of the 12×49, 720 observed

expenditures shares are zero. Zero entries in the data correspond to either zero expenditures

or to missing values. When taking a closer look one finds that zero entries are clustered in

commodity groups such as ”education” or ”board and lodging”. In the following analysis

the zero entries are treated as zero expenditures because it is likely that many households

do indeed have zero expenditures for such goods as ”education”. This assumption is also

substantiated by the fact that the households provide the information voluntarily. Since we

are interested in transfer payments for regular means of subsistence, we should restrict the

following analysis to expenses for non-durables. We thus need to modify the original com-

modity groups slightly because some groups contain expenses for durables, e.g. transport

expenditures contain expenses for car purchases. Expenditures for durables10 are therefore

subtracted. As already mentioned, we only use observations that are recorded during the

summer quarters of the year. The following demographic groups are used separately for

9There are some minor deviations from the international standard to allow for comparisons with older

issues of the EVS-data.
10Furnishing, medical devices, purchases of or repair costs for cars, motor bikes or bicycles, purchases of

leisure or electronic devices, musical instruments, jewelry, watches and precious metals. This expenditure

amounts to 0 – 94% of total household expenditure with a mean value of 9.5% and a median value of 4.3%.

Expenditures for durables are lower for single households and do not increase with the number of children.
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the estimations: (S0,C0), (S1,C1), (S0,S1), (C0,C1), (C1,C2), (C2,C3)11 conditional on the

status of the household head (full time employed or non-employed) and/or by distinguishing

between the level of the household net income. These distinctions are made for the following

reasons: distinctions with respect to the employment status are necessary because the income

of households with a non-employed household head (retired, unemployed) typically depends

to certain extent on social security transfer payments. It is interesting to see whether the

consumption behavior of households which rely on a social transfer scheme is different from

the consumption behavior of households with working income. Unfortunately, there are only

a few households receiving exclusively social benefits (all other transfers schemes depend at

least to some extent on the prior working income). For this reason the group of non-employed

household heads is chosen with the drawback that a large number of these households has

income related to prior working income. Nonetheless, this allows us to examine the con-

sumption structure of different demographic, homogeneous household groups to each other

with respect to the available leisure time. If leisure and consumption are perfectly sepa-

rable and if the design of social transfers payment schemes does not affect the behavior of

households, the results should be identical for the two leisure-groups. A distinction between

different net income levels may provide a rough idea as to whether the assumption of the

independence of the base utility, i.e. α(u) = α, has empirical evidence or not. The reason

for this is that households with higher income level may attain a higher utility level from

consumption. Therefore, estimations are also done separately for households in the lowest

or in the highest quartile of the net income sample distribution. In the past Merz and Faik

(1995) also considered potential effects of the income level on the equivalence scale.

The structure of the homogenous sub-samples revealed that the sample size in some cells

decreased in such a way that reliable semiparametric estimations were no longer possible

(see table 5 in the appendix). This is why the single household with one child (S1) group is

not considered in two cases. The analysis in this paper does not explicitly consider the age

of children as the German social security system does, where the equivalence scale increases

when the children become older. This simplification ensures that enough observations are

still considered in a sizeable proportion of the data segment (see table 5). The simplification

11Again, the notation of table 1 is used.
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can also affect the estimation results if there is some variation in average age across the data

segments. Particularly households with low net income typically have younger children than

households with high net income (see table 7). In such a case estimation results between

the data segments are not directly comparable if equivalence scales depend on the age of

the children. In other cases, in particular for the non-employed, it is evident that sample

composition of the compared demographic groups differs substantially (see tables 6 and 7).

These composition issues can affect the estimation results and one should restrict attention

to samples of similar composition. Since the size of the available data is not large enough it

is impossible to overcome this difficulty with the underlying estimation approach.12

6 Estimation Results

The estimations reveal the general appropriateness of the model specification (tables 9 and

11 in the appendix). The estimated change in the equivalent income for additional adults or

additional children is always within an economically plausible range (0 − 100%). However,

in the case of the first child the estimated equivalence scale is often below this range, i.e.

it is negative (table 10). If we turn our attention back to all the cases again, the shifted

nonparametric functions appear to fit in well at first glance. In most cases the loss function

possesses a unique minimum for plausible values of the equivalence scales, i.e. c ∈ [0, ln2].13

Tables 9-11 in the appendix report the detailed estimation results and present an extended

coefficient of determination for the parametric part of the EPLM, eR2 which is introduced

in appendix A.II. Since eR2 is mostly within the range 0.3−0.6 it is evident that the simple

transformation with two parameters yields a convincing fit for survey consumer data. This

clearly indicates that large standard errors of the parameter estimates are driven by the

variance of the first stage estimates. Therefore, it seems that the model (4) is appropriately

12Other characteristics such as sex of the household head are not considered for the same reason, nor is the

disability of household members observed. A skillful extension of the semiparametric approach that accounts

for a variety of regressors might be the subject of future research. Chen, Blundell and Kristensen (2003)

move in this direction; however, their model identification conditions are subjected to hardly any practical

verification.
13Figures which illustrates this are available upon request from the author.
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Additional adult Additional child

C0/S0 C1/S1 C2/C1 C3/C2

German social benefits

Standard rates† 80% 49% 27% 21%

Average gross needs 2003 (West-Germany) 58% 24% 21% 18%

OECD (1982) 70% 47% 23% 19%

Consumption based, EVS 1998

Semiparametric estimation results

Full sample 48 – 51% 24 – 28% 12% 12 – 15%

lowest income quartile – – 9 – 13% 14 – 19%

highest income quartile 47 – 54% – 1 – 7% –

Employed 54 – 59% 14 – 21% 11% 10 – 12%

lowest income quartile 70 – 73% – 12 – 13% 17 – 22%

highest income quartile 73 – 78% – 3 – 6% –

Other results

Merz and Faik (1995) 54% 43% 7% 6%

Kohn and Missong (2003) 66% 30% 11% 8%

Bellemare et al. (2002) 29 – 44%∗ 5 – 33%∗ – –

Table 3: Increase of equivalent income: comparison of selected point estimates (tables 9 and

11) to policy rules of table 1. † BSHG, children of age 7-13. ∗ This is the range of point

estimates spanned by the various methods, bold items: value significantly (at the 10% level)

below the standard rate.
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specified for the EVS 1998. The reported standard errors are computed from the empirical

distribution of 500 wild-bootstrap estimates. Note that each 12.000 Nadaraya-Watson and

local linear smoothing estimates are computed in the bootstrap estimation of one standard

error. In some cases the estimated parameters possess large standard errors and therefore

have to be considered to be of limited reliability. The unreliability of the first stage estimates

is mainly driven by small sample sizes or parts of the support with low data density. Fur-

thermore, it is due to different sample compositions within and across data segments that

cannot be captured by the model. The chosen bandwidths are obtained by using the plug-in

method suggested in Fan and Gijbels (1995). The resulting bandwidths are mostly within

the range of 0.2 − 0.5.14 The choice of the bandwidth and the support for the nonparamet-

ric estimation affects the results. However, the sensitivity of the results was controlled by

slightly varying the boundaries of the support of the nonparametric functions. Thus, general

insensitivity is found in cases of small standard errors.

A selection of the most reliable point estimates is presented in table 3. This compares

them with the expert equivalence scales of the German social benefits system, the OECD

equivalence scales, the empirically evident values computed from gross needs and with the

estimation results obtained by Merz and Faik (1995), Kohn and Missong (2003), and Belle-

mare et al. (2002). The reported ranges of the estimation results are based on the two

semiparametric point estimates obtained (see tables 9-11) and are therefore not based on

distributional information. Bold numbers indicate, however, that point estimates are sig-

nificantly below standard rates. It is apparent that some results are (significantly) below

the value suggested by the expert equivalence scales of the German social security system

or by the OECD and that some results are in the range of the expert scales. Intuitively,

the estimated equivalence scales correspond to the increase in household income such that

an average household is able to maintain the same standard of living if one more member

(adult or child) is added. The word average refers to the empirical mean of all households in

the respective data segments. It is therefore an estimate of the mean equivalence scale. The

14In an earlier version of this paper the bandwidth was chosen to be three times the optimal bandwidth.

This high degree of oversmoothing was conducted in order to reduce the variance of the first step non-

parametric estimates which was much greater when including expenditures for durables. As a result the

parameter estimates based on the two nonparametric estimators diverged to a greater extent.
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estimates cannot provide any information about a reasonable absolute figure that indicates

the gross need for social benefits of a single person household (S0).

Let us turn now to a more detailed discussion of the estimation results which are detailed

in tables 9-11.

Choice of the first stage estimator The choice of the first stage estimator affects results

more strongly if it belongs to a different class of estimators. In many cases results for the

two nonparametric estimators are pretty close, while results for the parametric first stage

estimator rather differ. In 17 cases the parametric estimate benchmark is smaller than the

results obtained with the semiparametric specification, in 6 cases it is in between and in 9

cases it is greater. Looking at the latter examples one finds that this is mainly to be found

in the case of a household with a first child (6 of 9 cases fall into this segment). As discussed

below, the estimation results are probably biased in the first child case due to issues in data

composition. If we therefore restrict the attention to the other cases one can conclude that

the parametric approach often yields a smaller estimate of the equivalence scale. This is

some evidence for a systematic estimation bias of the parametric benchmark estimator due

to the strong restrictions on the nonlinearities of the expenditure shares. Estimated wild

bootstrap standard errors are often similar for the two nonparametric first stage estimates

and there is no clear result pattern in the differences. In the parametric case, standard

errors are often similar or smaller but we do not observe a clear advantage of the parametric

estimator.

Employment status Results for employed and non-employed household heads are rather

different. Since the groups compared are quite heterogeneous, one cannot directly infer that

the employment status is the driving force behind the differences in the results. Results for

the employed are less likely affected by compositional effects and appear more reliable. In

contrast, the large standard errors and the low eR2 in the non-employment cases are probably

due to different compositions of samples taken from the data segments under comparison

(tables 6-7). Results for the non-employed are therefore not presented in table 3.
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Additional adult An additional adult in a household without children requires an increase

in equivalent income by 50 − 75% and by up to 30% for households with one child, if one

ignores in both cases the results for the non-employed which have large standard errors.

Results with small standard errors provide estimated equivalence scales weakly below the

standard rates. Standard rates are significantly above the estimation results for the full

sample and for the employed in the C0/S0 comparison. Full sample C1/S1 estimation

results are significantly below the standard rates and in the range of the empirical numbers

for social benefits.

Additional child The EPLM is very well specified for the comparison of C2 and C1 with

an eR2 of up to 0.85 and small standard errors. For the full sample and the employed,

estimated equivalence scales are significantly below standard rates. For the non-employment

group, standard errors are again quite large and also the eR2 goes down, reaching a value

of 0.4. For the C3/C2 comparison we obtain that lower bounds are below (with a general

lack of statistical significance) and upper bounds are in the range of standard rates. The

greater standard errors are probably due to the smaller size of the C3 segments. In the case

of an additional child, the compositions of samples in terms of average age of the household

head and average age of the children in the household are quite similar. For this reason, we

expect only little heterogeneity across the groups. This explains the generally good fit of the

model in the case of an additional child.15

First child Results for the first child in a household appear implausible, since estimates

are sometimes negative. Several factors explain this. If we think about preferences, the

decision to have a child can be considered as a permanent decision against a high level of

consumption. The model does not control for this heterogeneity in preferences and omitted

variables. It also does not control for the employment status of the second adult in the

household, which often changes with the arrival of the first child. Different compositions

with respect to other variables such as the age of the household heads compared may also

be a reason. All this can be a source of bias in the estimation for the case of a first child.

15Additional segmentation with respect to the children’s age (<7, >12 or in between) did not improve the

fit of the model and did not yield a clear result pattern.
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For this reason, they are not presented in table 3. Another popular explanation could be

that households often decrease their consumption expenditures after the birth of the first

child. Here, this seems to be rather unlikely since the average age of the first child is quite

high (9 – 16 years ) in the underlying data segments. Again, the estimation results for

the non-employed have larger standard errors and differ from those obtained for the other

groups.

Income level When considering the full set of estimation results, there is a weak tendency

towards higher equivalence scales for households with lower net incomes. The income pat-

tern is clearest in the case of additional children where we have the most precise estimates.

The results presented therefore indicate that the level of household net income may have

empirical relevance in determining equivalence scales. However, only better data and an

improved model structure will answer the question as to whether the equivalence scale is

independent of the income level or not.

7 Summary and Outlook

This paper presents a comprehensive empirical study on the semiparametric estimation of

consumption-based equivalence scales. Equivalence scales for Germany are estimated by ap-

plying Wilke’s (2003) estimator for the extended partially linear model suggested by Blun-

dell et al. (1998) to cross-section EVS survey data for 1998 with almost 50.000 observations.

The model identifies the equivalence scales from the nonlinearities in households’ expen-

diture shares. The econometric framework accounts for that by keeping the expenditures

shares nonparametric. This appears to be important because a comparison with a paramet-

ric benchmark estimator reveals rather systematic differences in the results. For estimation

purposes, the data is segmented into homogenous groups of households according to the

household head’s employment status or net household income. The curse of dimensionality,

heterogeneity with respect to ignored variables and the demanding computational approach

are drawbacks in the framework adopted by this study. However, it is found that estimated
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consumption-based equivalence scales are weakly below the equivalence scales used by the

German social benefits system. In some cases, estimates appear to be precise and in other

cases they suffer from large standard errors. In these cases, the household groups compared

differ considerably in their composition which probably has an impact on the estimation

results. Another source of bias may be the measurement error due to commodity aggrega-

tion and misreporting of behaviour shown by the households interviewed. Moreover, several

assumptions of the underlying economic theory are hardly verified in an application. The

adoption of a more general model structure that incorporates dynamic consumer theory

may also have an impact on results. These are several reasons why it is difficult to derive

policy recommendations. However, most of these weaknesses apply to a broad range of

contributions in this research field.

The estimation results do not provide indications that on average the standard rates of

German social benefits do not at least cover the costs of additional persons in a household. In

the light of recent decisions of the Federal Constitutional Court (Bundesverfassungsgericht)

concerning the costs of children and increasing discussion about demographic transitions

in Germany, it is not apparent from the estimation results that equivalence scales need to

be increased for households with children. Before attempting to infer more precise policy

recommendations from this class of models, an answer to the assumption that equivalence

scales do not depend on household income should be found. The results of this paper point

to an income pattern but they lack of statistical significance. Moreover, improving the model

specification may help to overcome the evident sample selection issues in the first child case

and they may help to reduce the noise in the data. Conditioning on the type of region of

residence (urban, rural, etc.) or on the geographical factors West and East Germany did

not improve the model fit, nor did it yield clear result patterns. We have already examined

this issue. While segmenting the data we are directly faced with the curse of dimensionality,

i.e. the problem of running into data cells with low frequency. It is therefore desirable to

extend the approach to an estimation framework that overcomes some of these difficulties

and, in addition, accounts for the endogeneity of household expenditure. The recent paper

by Blundell, Chen and Kristensen (2003) presents some interesting developments that may

soon contribute to the literature applied in this field.
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Appendix:

A I: Wild bootstrapping in the EPLM

The idea of bootstrapping is to resample the observations several times and estimate the

unknown regression functions and the unknown coefficients for each resample. This yields

an empirical distribution for the parameter estimates of interest. However, naive resampling

does not work in the EPLM because the conditions E(U |X = x) = E(V |W = w) = 0 would

not be imposed. Therefore, wild bootstrapping is performed which induces the required

conditions.

Let Q be a random variable with a two-point probability distribution H:

Q = (1 −
√

5)U/2 with probability(1 +
√

5)/2
√

5

and

Q = (1 +
√

5)U/2 with probability
(
1 − (1 +

√
5)

)
/2
√

5

This implies E(Q|H) = 0, E(Q2|H) = U2 and E(Q3|H) = U3.

Compute the residuals of the first step nonparametric estimation, i.e. Ûji = Yji− m̂0
j(Xi)

and V̂ji = Sji − m̂1
j(Wi). Then carry out wild bootstrapping as follows:

1. Compute U∗
ji = QÛji and V ∗

ji = QV̂ji for all i and j.

2. Compute Y ∗
ji = m̂0

j(Xi) + U∗
ji and S∗

ji = m̂1
j(Wi) + V ∗

ji for all i and j.

3. Estimate m0∗
j and m1∗

j using the samples (Y ∗
ij , Xi) and (S∗

ij,Wi) for all j.

4. Obtain bootstrap parameter estimates â∗ and α̂∗.

5. Repeat steps one to four in order to get finitely many realizations of â∗ and α̂∗.

The empirical distribution of â∗ and α̂∗ is used to approximate the distribution of â and α̂.

For further details concerning the wild bootstrap method see Härdle and Mammen (1993).

Härdle and Mammen (1993) suggest choosing a larger bandwidth for the pilot nonparametric

estimates and an optimal bandwidth for the bootstrap estimates. In this paper, the same

bandwidth is used for the estimation of mj and m∗
j . This is done for the simple reason of

computational feasibility.
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A II: Second stage R2 in the EPLM

This appendix introduces the extended coefficient of determination for the parametric trans-

formation in the EPLM, the eR2. It determines how well the differences between the two sets

of nonparametric functions m̂j
0 and m̂j

1 are explained by the parametric part of the model.

However, it only incorporates the point estimates and ignores information about higher mo-

ments of the distribution of m̂j
0 and m̂j

0. Since a large part of the estimated coefficients’

variance is due to the variance of the first stage nonparametric estimates, the suggested eR2

cannot be seen as a general goodness of fit measure for the EPLM.

Let us denote m̄j
0 =

∑
i m̂

j
0(xi) and m̄j

1 =
∑

i m̂
j
1(xi) as the mean expenditure shares for

commodity j. Then the coefficient of determination for commodity j is given by

R2
j =

[∑
i

(
m̂j

1(xi) − m̄j
1

)
(m̂j

α(xi) − m̄j
c)

]2

[∑
i

(
m̂j

1(xi) − m̄j
1

)2
] [∑

i

(
m̂j

α(xi) − m̄j
α

)2
]

which has the standard properties of the R2, i.e. it is the squared correlation between the

nonparametric function m̂j
1 and its predicted value m̂j

α, both evaluated at the observations.

Note that the constant âj cancels out. The eR2 is simply an average over the R2
j , i.e.

eR2 =
1

J

∑
j

R2
j .

A III: Tables
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Table 5: Sample Size

S0 S1 C0 C1 C2 C3

Full sample 5, 714 882 7, 727 3, 531 4, 589 1, 321

quartile 1, 429 221 1, 932 883 1, 147 330

Employed 2, 460 380 3, 349 2, 886 3, 968 1, 091

quartile 615 –‡ 838 722 992 273

Non-employed 3, 254 502 4, 378 645 621 230

‡ not considered, too few observations

Table 6: Average age of household head

S0 S1 C0 C1 C2 C3

Full sample 50.7 41.5 56.7 42.7 41.1 41.7

lowest income quartile 48.9 38.4 60.6 39.0 41.1 41.7

highest income quartile 52.5 45.6 53.9 47.0 44.9 44.3

Employed 38.8 42.3 45.0 41.7 40.8 41.4

lowest income quartile 34.1 –‡ 43.2 37.8 37.7 39.0

highest income quartile 44.4 –‡ 47.7 46.0 44.4 43.9

Nonemployed 59.7 40.9 65.6 46.9 43.2 43.2

‡ not considered, too few observations
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Table 7: Average age of children

S0 S1 C0 C1 C2 C3

Full sample – 13.4 – 11.7 10.8 10.5

lowest income quartile – 10.6 – 9.0 9.0 9.3

highest income quartile – 16.0 – 14.2 13.1 12.1

Employed – 15.6 – 11.4 10.7 10.4

lowest income quartile – –‡ – 8.5 8.9 9.2

highest income quartile – –‡ – 14.2 12.8 12.0

Non-employed – 11.7 – 13.0 11.6 10.9

‡ not considered, too few observations

Table 8: Employment status of 2nd adult in household

S0 S1 C0 C1 C2 C3

Full sample

full-time employed – – 21% 17% 14% 6%

part-time, other – – 14% 47% 49% 43%

non-employed – – 65% 36% 37% 51%

Employed

full-time employed – – 43% 19% 14% 5%

part-time, other – – 21% 49% 50% 43%

non-employed – – 36% 32% 36% 52%
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