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Abstract
The income elasticity of the consumption demand calculation is performed in a
microeconomic level in order to revise a change in the mean of a heterogeneous income
distribution. In this aggregated setup the econometric procedures with which this is
performed correspond to parametric and non parametric approaches. The identification of the elasticities is done in order to check whether it is feasible or not to conduct
such study of cross section characteristic over 1992-2003 for the german SOEP data.
The conclusions follow the ones mentioned by Chakrabarty et al. (2006) and Paluch
et al. (2007) rejecting the parametrical method and supporting the non-parametrical
approach. On the other hand, the limitations referred to the conduction of the mentioned study with the data available in the SOEP are reported.
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Introduction

The consumption demand is a topic studied in microeconomics for the individual case and
in macroeconomics for an aggregated setup. In the following, it is intended to measure the
consumption demand changes when the distribution mean of the income shifts, such exercise
is performed calculating the correspondent income elasticity of the consumption demand
over a heterogeneous population. Therefore it is intended to measure an aggregated effect
via microeconomic level data.
Under aggregation the most common assumption performed in macroeconomy has been
homogeneity and the correspondent use of the representative agent framework, although, in
recent models and literature it has been aloud for dropping it. The changes in the distribution
of the aggregated income variable are studied specifying the structure at a microeconomic
level in order to identify parameters that are typically individual in the stated aggregated
setup.
The use of non parametrical methods aloud to work with the data distribution without
specifying the generic form of the variables relationship. The use of the data distribution
permits to incorporate the heterogeneity factor in the unknown structure of the consumption
demand. This method contrasts the linear parametrical approach which mainly dominates
the macroeconomic applied work. In the present study, the estimation is conducted for them
both in order to compare them and check their applicability, extended benefits and costs
(namely, pros and cons).
The present analysis is based mainly on Paluch et al. (2007) who follows Chakrabarty
et al. (2006) which in turn is based on Hildenbrand and Kneip (2005). Those studies are
centered on the non parametrical approach and Chakrabarty et al. (2006) warns about the
misspecification that the parametrical procedure presents. Using this premise as a base two
more parametrical tests have been performed to confirm the conclusions. Differently from
the mentioned works which analyze the UK Family Expenditure Survey, the german SOEP
data has been worked through and the results and problems and obstacles confronted with
will be presented while going through the procedure of estimating cross sectional models for
the span of years 1992-2003.
The organization of the present work is as follows: In Section 2 the theoretical microeconomic model is presented, in Section 3 the identification of the model given the observable
variables is performed, in Section 4 the econometric estimation takes place, in Section 5 the
results are presented and Section 6 concludes.

2

Economic Model

The consumption demand analysis and its annexed comparative statics can be studied from
different perspectives. In economics, the basic model determines measures of consumption
behavior based on a mathematical approach. Such consumption decisions are based on
other characteristics and variables the agent is endowed with. Therefore, the recognition of
them and their interaction is important for understanding the consumption decisions of an
2

individual. The Walrasian demand model is simple and exposes clearly the ideas behind the
consumption.

2.1

Walrasian Demand Correspondence

The Walrasian approach for consumption demand is a base to understand consumer’s theory in microeconomics. In the basic setup, the simplicity of the model is based on the
consumption demand dependence only over two variables: price and income. However, the
model allows for the possibility of increasing the number of explanatory variables. Without
assuming any specific consumption function form the consumption is defined as:
c = x(p, y)

(1)

The Walras model is based on the Walras Law that states that the consumer uses all the
income for consumption, indicating the lack of market demand excess, which characterizes
the general equilibrium of the model in an aggregated version.
To know how changes in the endowment of the explicative variables in the model can
affect the actual consumption, the criteria of homogeneity degree of the function (1) is
introduced. To see how it works, it is needed to take (1) and transform it by multiplying α
with each of (1) variables and check the result in term of the original consumption function
x(αp, αy) = α0 x(p, y). If this holds, it is said that the correspondence is homogeneous of
degree 0 whenever α > 0 for any p and y. This implies that if the agent sees an equal
increase in prices and income she is still going to consume the same bundle than before
the α increases because the feasible bundle has not really changed and in real terms is still
attainable. Therefore, consumption depends only on the preference over the set of feasible
goods to be attained. In counterpart, if x(αp, αy) = αn x(p, y) under the same conditions
the function is defined as homogenous of degree n. The focus in the following presentation
is when n = 0.
Another measure to quantify the effect of independent changes on a particular explicative variable over the consumption is the derivative, since it measures the change of the
consumption proportional to the associate change of one of the explicative variables, in the
case where the function depends on the variables declared before. There exist then two
(p,y)
for l ∈ R where l ∈ L
effects: the price and the income effect, the latter is defined as ∂xl∂y
is the index for goods demanded as consumption. This representation is important because
it defines the goods as normal if the derivative is positive or inferior if negative. Goods that
are large aggregates like food or shelter are defined as normal. However inferior goods are
typically more disaggregated (particular kinds, or brands, of shoes), so, for an increase of
income the consumer would stop buying it to substitute them for a higher quality one.
Regarding the price effect, it is worth to name the locus of points that are demanded given
(p,y)
different levels of prices. Since there is especially a strong relation among c and p, ∂xl∂p
given monotonicity in the utility function dependent on consumption, this effect might be
typically negative, since this notion holds typically, these goods are called normal. However,
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there exists the so called Giffen goods for some kind of low quality goods for consumers of
low income levels whenever there is no substitutes, then the agent actually consumes more
given an increase on prices, this type of characteristic corresponds to inferior goods. The
complementarity and the substitution behavior in consumption of goods might be better
analyzed as a combination of price and income effects when the utility notion is added to
construct the Slutsky equation. However such a equation is based in a more basic concept
typical of the consumption demand named elasticity, which become the centerpiece of the
comparative statics.
Following the implications of the homogeneity and the Walras law, the problem can be
restated as the first derivative of the homogeneity condition of degree zero with respect to
α and evaluating it at α = 1:
L
X
∂xl (p, y)
k=1

∂pk

pk +

∂xl (p, y)
y = 0 for l = 1, . . . , L
∂y

(2)

The homogeneity assures the equation being equal to zero because every movement derived
out of the motion of the income and prices is evaluated at its initial level where in an
aggregated level the Walras Law is fulfilled. Restating it for price and income:
εlk (p, y) =

∂xl (p, y) pk
∂Pk xl (p, y)

(3)

εly (p, y) =

∂xl (p, y) y
∂y xl (p, y)

(4)

Both are defined as the percentage change produced by the percentage changed of the explicative variable. This is independent of unit measure on which the consumption commodities
are measured. The equation (2) can be restated again using (3) and (4):
L
X

εlk (p, y) + εly (p, y) = 0 for l = 1, . . . , L

k=1

Meaning that at equal percentage changes on the explicative variables there is no aggregated
change in the demand, which gives once again the definition of a homogeneous of degree zero
function.
Moreover if the income elasticity of a good is larger than 1, it is said that it is a luxury
good, if it is less than 1 is a necessity good. Sticky goods are related with the inelasticity,
namely when the derivative is equal to zero.
There are two more notions useful as results of the derivation of the Walras Law, defined
as the: Cournot aggregation that measures the relationship of the effects on changes of
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individual goods prices
L
X
k=1

pl

∂xl (p, y)
pk + xl (P, y) = 0 for l = 1, . . . , L
∂pk

and the Engel aggregation, that shows the relationship of the income elasticities and its
respective prices which equal to the unity
L
X
k=1

pl

∂xl (p, y)
=1
∂y

These results hold because of the Walras Law and are important to imply comparative
statics results. The importance of the calculation of the elasticities in order to understand
the effect on price and income changes may have over the consumption. Moreover, the
correct understanding of this measure can be used as a principal element on policy design
whenever a correct aggregation from an individual to a whole society is successfully realized.
Noticing that this is a personal behavior analysis, the idea can be extended in aggregating
consumers and evaluate a society consumption demand, whenever this is done, the analysis
can be useful to construct policy measures related to economic growth using variables as
consumption, income and prices.

2.2

Aggregation under Heterogeneity

Aggregation has always been a problem when trying to understand society behavior as a
whole. It is well known that agents and households are distributed non uniformly, not even
normally in several cases, and the heterogeneity is a peculiarity through the agents’ variables
analyzed. Moreover, income and prices are not the only variables that define the selection of
bundles bought in a family. Thus, it is needed to extent the model to take in consideration
these facts.
Although the prices can be assumed to be the same for all the agents in a conglomerate,
the levels of consumption and income differ. The properties that hold in an individual
level generally would do so in an aggregated setup whenever the criteria of homogeneity
in the variables’ distributions exists. The idea of positive representative consumer may be
placed in consideration and will hold whenever there is an agent with the same rational
preference relation over the attainable set of goods such as the aggregated walrasian demand
function that is conceived as the sum of the individual consumption demands. This is
just a necessary but not sufficient condition to analyze the aggregation as if it were an
individual walrasian demand. Therefore, one can extent the positive representative consumer
analysis taking in consideration the welfare criteria of Bergson-Samuelson and stating that
the positive representative consumer can be a normative representative consumer if her
decisions maximize the welfare of the individuals which individual behavior conform the
5

aggregated walrasian demand function. Of course this last consideration includes the study
of individual utilities and their aggregation, which is beyond the analysis goal of the present
work.
However, the assumption of homogeneity of agents is too strong. There is the case where
agents in a society do not have the same rational preference relation to apply among goods
and to find one that matches the aggregate preference relation that form the aggregate consumption demand is not possible because practically the researcher only has the
P individual
or aggregated data but not the specific consumption function x, therefore,
x are unknown. Moreover verifying the data yields to typically interpret the distribution of variables
as heterogenous. It is important then to consider a proper distribution where the variables
are generated from. The prior knowledge of them is a complicated matter, therefore in
the following, it is of major interest to construct a distribution based on the observations
themselves and rely on the statistical analysis on this consideration.
A common practice in economics when dealing with variables expressed in money terms
is to normalized the price variable to take into account just the real value of the goods.
Therefore the consumption variable can be seen as the sum of all goods consumed:
cnominal = x1 p1 + x2 p2 + · · · + xL pL
The latter can be normalized dividing every nominal amount by its respective price.
creal = x1 + x2 + · · · + xL
And in general form:
cnominal = x(ynominal , p)
y p
c
=x ,
p
p p
creal = x(yreal , 1) = x(yreal )
From now the ‘real’ subscript will be dropped and it will be clear that the variables are in
their real terms. The benefits of performing this transformation are several. First of all, the
inflation component throughout the years has been discarded with this procedure and even
if managing cross section evaluations where in contemporary regression the inflation does
not matter, the results of different regressions of this form in different years are comparable
because its real form with the inflation component out of analysis and just in terms of number
of goods. Therefore, the effect of just one variable (income) can be studied and compared
across time calculating cross section regression in each year disregarding the inflation effect.
Stepping even forward, it can be assumed that not only prices and income can interplay
in the decision of consumption, but other kind of indicators, even of different class (namely
continuous, discrete, censored, etc). These variables as preferences and personal tastes, consumer personality and personal tendencies will be taken into account in a vector v grouping
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all of them1 .
c = x(y, v)

(5)

Therefore, the main idea as stated above is to calculate the income elasticity to understand the given habits in an heterogeneous society H large enough where h ∈ H indexing for
the households and νy,v is the joint distribution of y and v. The elasticity using the natural
logarithm of the income follow from equation (5):
εly (y h , v h ) =

yh
∂xl (y h , v h )
h
= ∂y log x(ez , v h )
h
h
h
h
∂y
xl (y , v )

(6)

where z h = log y h
In the following, the statistical analysis is performed over individual households as in (6),
but the index h has been dropped out. Moreover, given the joint distribution νy,v the first
moment of consumption can be calculated.
Z
Cmean =

x(y, v)dνy,v

(7)

And deriving the marginal distribution for the income from the joint distribution, the first
moment for the income can be calculated.
Z
Ymean = ydνy
(8)
The equations (7) and (8) show the average values for both variables given a correspondent statistical distribution that allows for the integration of different heterogenous agents,
namely, the distribution gives the positive (but smaller) probability for the existence of an
agent who is far from the calculated mean.
Then, the individual elasticity income can be defined as in equation (4), its mean would
be characterized by the expected value given the distribution of the variables involved
εmean =E(ε(y, v))

Y
∂y x(Y, V )
=E
C
Then:

Z
εmean :=

y
∂y x(y, v)dνy,v
x(y, v)

1

(9)

The exact enumeration of all of them is unnecessary because most of them are not available in measurable
data
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However, the main interest is to find how much the consumption will change given a small
change in the total income aggregated distribution, not just the expectation of the income
elasticity as stated in (9), for that it is needed to model the elasticity when the income
distribution changes, the characterization of the magnitude and direction of such a change
could be specified using a deterministic transformation approach of the variable of interest
in the form of {τλ }λ∈R . However, a better way to do that is defining the deviations of the
income referred to the mean income itself ceteris paribus, without assuming any deterministic
transformation.
µ
Y
(10)
Y0 =
Ymean
Where µ is the new income mean when the distribution changes which is compared with
the old mean Ymean and Y 0 is the new income value in terms of old Y . The equation (10)
shows how an income position Y changes in the distribution after a change in the distribution
characterized by a new mean resulting in Y 0 . Of course, taking expectations of (10) the mean
of the new income variable Y 0 after the change is simply µ. Therefore, one can calculate
the aggregate elasticity of the population when there is a change in the mean of the income
distribution.

Ymean 
E ∂µ x(Y 0 , V )|µ=Ymean
Cmean

Ymean 
µ
=
E ∂µ x(
Y, V )|µ=Ymean
Cmean
Ymean

Ymean 
Y
=
E ∂Y x(Y, V )
|µ=Ymean
Cmean
Ymean
1
=
E(Y ∂Y x(Y, V ))
Cmean Z
1
(y∂y x(y, v))dνy,v
=
Cmean

εagg =

εagg :=

2.3

1
Cmean

Z
(y∂y x(y, v))dνy,v

(11)

Individual and Aggregate Elasticities Differences

In an heterogenous population the differences between aggregated and the individual mean
elasticities estimators a priori are supposed to be significantly different, indeed equations (9)
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and (11) are different. It is important to remark this fact analytically, rearranging (11):
εagg

Z 

x(y, v)
y∂y x(y, v) dνy,v
=
Cmean
x(y, v)
Z
1
=
x(y, v)ε(y, v)dνy,v
Cmean

 1
Cε(Y, V )
=E
Cmean
1
1
Cmean E(ε(Y, V )) +
Cov(C, ε(Y, V ))
=
Cmean
Cmean
1

That will finally yield:
εagg = εmean +

1
Cmean

Cov(C, ε(Y, V ))

(12)

Equation (11) would be exactly equal to (9) if the covariance between consumption and
the individual income elasticity in equation (12) would be equal to zero.

3

Identification

Given the theory analyzed until here, it is important to remark whether all of the elements
can be identified via cross section estimation. As mentioned before the vector V contains
variables that are unobservable in the data, therefore it is necessary to use another variable
that is observable and available in the datasets. It is then required that this new set of
variables to be correlated to the unobservable V , such as the household attributes vector A.
Therefore, the workable joint distribution of the used variables is νy,a . An additional
remark has to be done regarding the relation between Y , V and A. It is assumed that the
income variable is measured as the disposable income of the household, which is exogenous
and independent to V given A.
Proposition 1 (Paluch et al. (2007)). For every income level y, νv|y,a = νv|a where νv|a
denotes the conditional distribution of V given A = a
With this proposition, it can be shown that with the available observable variables, (9)
and (11) can be calculated:
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εmean

 Y

=E ( ∂y x(Y, V )
Z CZ

y
∂y x(y, v)dνv|a dνy,a
=
x(y, v)
Z
Z

z
= ∂z
log x(e , v)dνv|a dνz,a
Z
= ∂z c̄log (z, a)dνz,a
N

=

εagg =

1X
∂z c̄log (z, a)
n i=1

1

Z

y∂y x(y, v)dνy,v
Cmean
Z
Z

1
z
x(e , v)dνv|a dνz,a
=
∂z
Cmean
Z
1
=
∂z c̄(z, a)νz,a
Cmean
N
1 X
∂z c̄(z, a)
=
nC̄ i=1

Where:
c̄(z, a) = E(C|Z = z, A = a)
c̄log (z, a) = E(log C|Z = z, A = a)
n

1X
C̄ =
Ci
n i=1
Moreover, whenever the consumption C, given a certain value Y |y A|a, has variation and
heterogeneity, it is said that such movement is produced by individual preferences inherent
in V and not captured in the data. This measure is represented by the local elasticity which
tends to the individual elasticity (6), which identification follows the work of Hoderlein and
Mammen (2007) and applied in Paluch et al. (2007).
εc,z,a := E[∂z log x(ez , V )|C = c, Z = z, A = a] = ∂z0 k(τc,z,a ; z 0 , a)|z0 =z

(13)

The equation (13) for the local elasticities is the conditional expectation of the elasticity
given level of consumption, income and attributes, once again remarked the fact of still
possible heterogeneity because of unobservable V . From (13) let 0 ≤ τ ≤ 1 where k(τ ; z, a)
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denote the conditional τ -quantile of the consumption natural logarithm given income and
attributes2 .
According to Hoderlein and Mammen (2007), with this identification procedure, local
elasticities will be equal to the individual theoretical ones whenever the correspondence C to
V is more strict. Nevertheless, it is necessary to bound the analysis to certain assumptions
performed in the original paper. The most important one is the conditional independence of
Z1 and A given Z2 , . . . , Zd , the rest are regularity conditions of continuity for the conditional
distribution of consumption given income3 and differentiability respect the income.
The calculation of individual elasticities can be used to calculate Cov(C, ε(Y, V )):
Cov(C, ε(Y, V )) =E(Cε(Y, V )) − Cmean E(ε(Y, V ))
=E[CE(ε(Y, V )|C, Z, A)] − Cmean εmean
=E[CεC,Z,A ] − Cmean εmean
=Cov(C, εC,Z,A )
=Cov(Ci , εi )
Where E(εi ) = E(εC,Z,A ) = E(ε(Y, V )) = εmean .

4

Econometric Estimation

4.1

Data Description

The data worked with belongs to the German Socio Economic Panel (SOEP), with the year
span 1992-2003. There is gathered the information about households and individual members
of the households. All data was recompiled by households including the aggregation of
individual information intra household. The manipulation is performed per year separately,
more precisely, via cross section inference only.
There are discrepancies with the paper Paluch et al. (2007) where they use the British
Family Expenditure Survey. The german SOEP is not a dataset constructed to measure
consumption, although it has measures for income and an approximation for savings. Therefore, the consumption analysis by goods or good categories using this dataset has to be
postponed until a dataset compiling this stratification is available for the german case. The
information about fuel consumption can be implied from (another source’s) average yearly
price of different fuels and calculating the liters consumed per year from the information
available, however, the availability of such information is just of two separate years. For
food and energy there is the same problem.
2

Formally P (log C ≤ k(τ ; z, a)|Z = z, A = a) = τ
There are two assumptions regulation the continuity of the conditional distribution. For specifying them
see Hoderlein and Mammen (2007).
3
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Regarding the economic variables, the SOEP gives availability for monthly ‘Savings in
case of emergency’ and ‘Net income after taxes’. The current year approximation declared
by the participants of the survey is used since it is information constituted directly from the
declaration source (and not a SOEP calculation) and with the less noise possible since the
information is for the year in course when the survey has been performed4 .
With the annualized variables of income and savings the consumption variable can be
obtained subtracting the savings from the income. This constitutes the total consumption.
Paluch et al. (2007) as well as Chakrabarty et al. (2006) argue that the total consumption is
an endogenous variable which identifiability is different from the equations (9) and (11). To
perform the calculation of the income elasticities for the total consumption it is required to
have the information for the specific goods groups consumption that is lacking in the dataset
as mentioned above. Therefore, it is assumed, for the sake of elasticities estimation with
the available data from the SOEP using the identifiability exposed before, that there are
not problems of endogeneity for the total consumption, i.e. that the variable Y , defined as
net income, is the budget money used to choose total consumption5 . This means that the
elasticities calculated would include the aggregated elasticities effects over financial goods
and durable and non durable consumption goods altogether which constitute a problem for
the associated interpretation.
The income variable corresponds to the following question posed in the SOEP questionnaire: “If everything is taken together: How high is the total monthly income of all the
household members at present? Please give the net monthly amount, in other words after
the deduction of tax and national insurance contributions. Regular payments such as rent
subsidy, child benefit, government grants, subsistence allowances, etc., should be included.
If not known exactly, please estimate the monthly amount”. This enables the use of this
variable as the wealth in the household budget constraint ready to perform consumption.
This measure has to be annualized and in this study it is assumed that non emergency
savings constitute another good which enters in the whole consumption variable. This income measure is interpreted as the disposable net income, which is exogenous and used for
consumption.
The savings variable corresponds to the following question: “Do you usually have an
amount of money left over each month for major purchases, emergencies, or savings? If yes,
how much?”. This declared quantity is fixed before the month begins, namely, it is a priori
planned amount of savings considered differently in each household, it does not include the
savings after consumption or the savings used for investment (which, as previously declared,
are considered as part of the consumption variable), therefore, it is assumed that after setting
an amount for emergency savings, the families buy durable, non durable and financial goods,
all of those included in the resulting consumption variable used in the study.
4

This survey is based in a questionnaire where the participant writes the information asked, typically such
data is not backed up nor certified by any means, therefore, the data obtained in SOEP is an approximation,
however it is the best approximation available, given that the source of the data is the worker himself.
5
In terms of Paluch et al. (2007) Ctot is the budget money used to assigned consumption over different
commodities. The paper assumes that consumption of different commodities C depends on the budget Ctot
which depends on the income Y . However in the present it is assumed that Y = Ctot .
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Consumption and income variables have been normalized by the consumer price index
developed and integrated by the SOEP for each different year. This aloud the estimation
to be consistent even with the currency breakthrough from German Marks to Euro. As
dropping the currency measure and working just with goods bundles allows the analysis to be
comparable between years, even though the estimation is cross sectional and within regression
there is not such a problem. The application is justified because the consumption variable
used is a conjunction of all consumption goods and the consumer price index aggregates all
the prices to be consumed.
As part of the variables arrange and transformation, the criteria of per capita income
and consumption in every household has been used dividing the original variables by the
number of people in the household. There are no problems of collinearity since the variable
number of people in the household is not used as an explicative anymore. There are two
reasons why to do this. First of all, because it reduces the number of explanatory variables
and makes the cross validation process for non parametric estimation not so long moreover
to avoid the curse of multidimensionality. Second, it does not affect the locus of analysis
targeted over the household (conceived as the consumption decision core) given its attributes
and variables, but using the per capita variables allows to compare families using just this
measures6 .
It is clear that the members consumption might be heterogeneous inside every household
and some goods are indivisible constituting family consumption. However it is intended to
obtain an estimation of the average number of goods consumed by person in each household with the per capita measure. More over within a household all members share the
same poverty or richness qualification, which allows the per capita variables as an individual
consumption in a household, although the study criteria is still based on household consumption. Basically, as briefly sketched there are pros and cons when using per capita variables,
although in the literature of measuring elasticities with non parametric procedures this fact
has not been a well discussed topic7 .
The variables used are: per capita consumption and income inside a household, number
of children in the household and household head age, sex and employment status. The SOEP
allows to retrieve information per individuals or households, indexing both for households
and matching afterwards. Thus, consumption, income and number of children variables
where taken from the household information and the specific information of the household
head, has been taken from the individual dataset. It has been performed a minor data
removal for extreme outliers with respect to the variables declared.
6

Although household consumption demand regressions can be controlled by the number of members of
it as an explicative variable, it is not well comparable prior regression estimation if it is not in per capita
terms.
7
The real question is based on whether the household decides consumption by itself or it is just the sum of
consumption of the people living there and of course involves a matter of which is the definition of household
used to gather the data.
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4.2

Parametric Approach

The first approach to measure the elasticities is performed in a typical fashion using and
OLS parametrical approach. The problem with this approach, that has been noticed by
Chakrabarty et al. (2006), is that there is misspecification across the years where the parametrical approach has been performed. Moreover, there are problems of normality and
heterogeneity too, making the parametrical estimation not reliable.
Parametrically the following regression has been performed:
ci = β0 + β1 zi +

m
X

β1+t ait + ei

t=1

log ci = φ0 + φ1 zi +

m
X

φ1+t ait + ei

t=1

Where the matrix A gathers all the explicative variables aj j = 1, . . . , m that correspond
to the attributes the household has. It also includes quadratic representations for the household head age. The way to calculate the mean (9) and aggregated (11) elasticities in this
parametrical setup corresponds to:
ε̂pmean = φ̂1
(14)
ε̂pagg =
Where C̄ =

4.3

PN

i=1

1
β̂1
C̄

(15)

Ci

Non parametric Approach

The following estimation procedure is based on the non parametrical approach, the benefits
of it are several. It is not necessary to assume a generic regression function that is unknown
and probably heterogeneous through the household sample, contrary to the parametrical
OLS approach exposed previously where linearity and log linearity was assumed.
For the mean and aggregated elasticities, there have been employed two non parametric
approaches. The local linear estimation based on the work of Li and Racine (2004) and the
semiparametric linear approach as exposed in Li and Racine (2007).
In order to obtain the elasticities the minimization routine is performed indexing households. The ultimate calculation for the non parametric local linear and semiparametrical
approach respectively are defined as:
N

ε̂jmean

N

1X
1X j
∂z c̄log\
(Zi , Ai ) =
φ̂
=
n i=1
n i=1 1i
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(16)

ε̂jagg

N
N
1 X
1 X j
\
=
∂z c̄(Zi , Ai ) =
β̂
nC̄ i=1
nC̄ i=1 1i

(17)

Where j = n, s and n = non parametric model, s = semiparametric model. The kernels
selection to be used are basically intended to reflect the nature of the variable. The kernels
use was suggested by Paluch et al. (2007) who conducted their study in this non parametrical
setup. For continuos data as income the second order Epanechnikov is used:
c



κ (u) =

3
√
(1
4 5

− 15 u2 )

0

if u2 < 5
else

The second order kernel is used because it behaves better in the boundaries due to its double
differentiability. For the unordered discrete data as the household head sex and employment
status it is used the Aitchison and Aitken (1976) kernel:


u

κ (Ãis , ãs , hs ) =

1 − hs
hs
os −1

if Ãis = ãs
else

Where os is the number of possible outcomes of Ãis . For ordered variables the kernel corresponds to Wang and Van Ryzin (1981):


o

κ (Ãis , ãs , hs ) =

1 − hs
1
is −ãs
(1 − hs )hÃ
s
2

if Ãis = ãs
else

The procedure of the non parametric estimation can be seen as a comparison of one elements
against all other elements for a given variable to build its distribution. In the Aitchison and
Aitken (1976) and Wang and Van Ryzin (1981) kernel usage case, whenever a specific point
is being compared with the others takes the form of Ãis , while the rest been compared are in
the vector ãs , in the case when they are both the same the kernel assigns a value (probability)
1 − hs , when that is not the case (when they are different) the other associated probability
takes place.
In the local linear non parametric procedure it is recommended by Paluch et al. (2007) to
once obtained the bandwidths by cross validation, underestimate them, namely reduce the
smoothness of the model a little bit. In this case it is recommended is to take the 80% of the
bandwidth obtained. As a side note, it is worth to mention that the change of bandwidth
produces sensitivity in the results, however when one moves the bandwidth in the vicinity
of the optimal bandwidth the variation decreases.
The non parametrical local linear approach is based in the minimization of the following
procedure:
n
m
X
X
p
p
p
[ci − β0 − β1 zi −
β1+t
ait ]2 Wi,h (q)
t=1

i=1
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n
X

[log ci − φp0 − φp1 zi −

m
X

φp1+t ait ]2 Wi,h (q)

t=1

i=1

Where W is a weighting matrix constructed under the assumption of independence of the
explicative variables by multiplying their kernels for a given point q = (z, a) and for the
correspondent bandwidth in the following fashion:
Wi,h (q) = κc (

Zi − z c agei − age u sexi − sex u empi − emp o kidi − kid
)κ (
)κ (
)κ (
)κ (
)
h1
h2
h3
h4
h5

The problem with admitting more explicative variables is known in the non parametrical
literature as the curse of multidimensionality. It is based on the idea that while increasing
dimensions (explicative variables) it is harder that the kernels encounter observations in
the multidimensional vicinity of the observation analyzed (remember the kernels are local
estimators) to compare them out. The problem arises even with over 10000 observations
when using more than 6 explicative variables, leading to almost singular matrix problems in
the weighting matrix W .
The semiparametric approach is based on the assumption that the consumption is linearly
(strongly) related with the income, as expressed on the following equations:
ci = β0s + β1s zi + f (Ai) + ei
log ci = φs0 + φs1 zi + f (Ai) + ei
Where in both cases f (·) is an unknown function for the household attributes variable set
which relationship is unknown depending uniquely on their distributions. The income derivative of these consumption equations corresponds to β1s and φs1 respectively.
The estimation of the local elasticities can be performed by quantile approximation as
proposed by Paluch et al. (2007) following Li and Racine (2008) econometric procedure to
match the identification performed above. For that, the model solves the following:
n
X

ρτ̂i [log ci −

φτ0

−

φτ1 (zi

− z) +

m
X

φτ1+t (ait − at )]2 Wi,h (q)

(18)

t=1

i=1

Where:

Pn
τ̂i =

j=1

log Cj −log Ci
)Wj,h (qi )
ho

G(
Pn

j=1

Wj,h (qi )

(19)

The equation (19) is the estimate of τC,Z,A in equation (13) which is calculated for every
observation i in (18) and enters the optimization in the form of the check function ρτ̂ =
u[τ − I(u ≤ 0)]. This component is the main difference compared to calculating a local
linear non parametric regression. Finally the function
G in (19) is the cumulative univariate
Rs
continuos kernel function defined as G(s) = −∞ κ(u)du and ho is the bandwidth for the
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consumption variable. Through this two steps non parametrical procedure it is suggested
to over estimate (in contrast to the bandwidth under estimation for the non parametrical
local linear as explained above) the cross validation bandwidths obtained by 50% more as
suggested in this case by Paluch et al. (2007). Then the local elasticities that tend to the
individual ones are obtained from φτ1 that correspond to the theoretical equation (13).
To obtain the covariance between consumption and individual elasticities as shown in
(12), the following estimate is proposed:
n

1X
\
(Ci − C̄)(ε̂i − ε̄)
Cov(C,
ε(Y, V )) =
n i=1
P
Where ε̄ = n1 ni=1 ε̂i
The significance of the the estimates calculated through the means exposed can be performed as suggested by Paluch et al. (2007) using (naive) bootstrapping (Hall and Wilson,
1991; Efron and Tibshirani, 1994). For contrasting this significance results one might want
to verify them with Wilcoxon (1945) test for matching pairs. However, especially the bootstrapping is very time consuming computationally to be processed.

5

Results

The cross section results performed for the available years are summarized in Table 1. The
significance is available only for the parametrical estimates. In the case of the ε̂agg the
significance is for the ∂z c̄(z, a) = β̂1 with which the value has been derived as specified
above.
The results as of the mean elasticities follow the permanent consumption theory mentioned in Barro (1997) for a conglomerated bundle of commodities is always and strictly less
than one. For the different methods used this is the only result that holds strictly.
The parametric model is robust and highly significant, but the regressions that produced
these results are misspecified according the RESET test of Ramsey (1969) as previously
suggested by Chakrabarty et al. (2006). Moreover, the parametrical regressions produced
non normal errors following Jarque and Bera (1980) test and are heteroskedastic according to
Breusch and Pagan (1979) test. The specification power is limited because every regression
requires to be individually treated choosing more (or different) explicative variables. A better
parametrical approach could be constructed in base of a panel, although this method would
not aloud to check for yearly elasticities, could be more suitable to check the significance of
the more suitable variables to be used in the consumption demand.
Regarding the non parametrical approach the main obstacle encountered during estimation is the time spent to compute the best bandwidths to be used by cross validation.
Because this “physical” (in terms of computational memory capability) problem, the non
parametrical hypothesis of diagnosis and the computation of the local elasticities via the
quantile regression were not performed. In another remark, the selection of the kernels
17

Table 1: Elasticities Results
Year
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
Mean

Parametric
ε̂mean
ε̂agg
0.944*** 1.071***
0.928*** 1.049***
0.927*** 1.025***
0.934*** 1.238***
0.928*** 1.140***
0.925*** 1.092***
0.927*** 1.046***
0.930*** 1.064***
0.923*** 1.075***
0.919*** 1.048***
0.916*** 1.267***
0.928*** 1.207***
0.927

1.110

Local
ε̂mean
0.919
0.944
0.945
0.931
0.898
0.926
0.950
0.962
0.909
0.915
0.935
0.926
0.930

Linear Semiparametric
ε̂agg ε̂mean
ε̂agg
0.973 0.918
0.945
0.945 0.918
1.065
0.955 0.959
1.041
0.836 0.934
0.976
0.914 0.911
0.967
0.982 0.958
1.002
0.822 0.941
1.021
0.864 0.979
1.031
0.840 0.903
0.981
0.919 0.911
1.040
1.013 0.920
1.029
1.031 0.907
1.087
0.925

0.930

1.015

* p < 0.1, ** p < 0.05, *** p < 0.01

turned out to be an interesting topic especially for the continuos type of data. The most
interesting result however, are the different estimates for the aggregated elasticities under
different methods.
As exposed in Table 1 the aggregated elasticities results do not have an obvious interpretation and demand a closer analysis. The Table 2 and Table 3 help to verify that there exists
a break point in the year 2002. Although the consumption and income paths had a positive
and constant trend until 2001, in 2002 abruptly dropped down; such negative realization
seems to continue in 2003. In 2002, Germany inserted the Euro as the official currency and
was experimenting the effects of the “Internet Crisis”. Apparently, these could be reasons to
explain the consumption behavior in those years, although the present study is not designed
to give light about the root of this phenomena.
However, the aggregated income elasticities seems to show the household behavior in
according this shock. The parametrical approach maintains the values above the unity
showing a little increase for the years 2002 and 2003. The semiparametric approach show
mixed values (some above and below the unity). However the local linear approach show
values below the unity for the period 1992-2001 and a jump above the unity for the last two
years apparently capturing the shock. Those values can be interpreted as a higher reduction
of consumption produced by a not so large reduction of income, while in the period 1992-2001
the income was growing the households consumption did so but in a lower rate.
This strong consumption reduction can be implied in Table 2 in real and per capita terms,
while in nominal and real household terms this fact can be verified in Table 3. According
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Table 2: House Hold Per Capita Variables
Obs
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003

3958
3989
4089
4123
4053
4034
4374
4278
7490
6989
7240
6779

Real Values
Consumption
Mean
S.D.
186.34 100.33
190.75 101.96
189.30 97.71
193.23 130.48
195.15 115.25
197.21 105.87
198.73 100.62
203.62 107.99
215.17 117.18
216.91 111.65
131.77 129.17
128.88 103.63

Per Capita
Members in
Income
Household
Mean
S.D. Mean S.D.
225.78 127.83 2.67 1.24
231.85 130.35 2.63 1.22
229.93 128.23 2.61 1.22
232.22 150.55 2.61 1.21
235.01 137.99 2.59 1.21
236.87 130.19 2.56 1.21
237.05 122.89 2.51 1.18
242.60 130.24 2.51 1.20
255.53 142.59 2.43 1.19
257.57 139.12 2.43 1.19
158.64 168.89 2.46 1.18
154.18 139.95 2.42 1.18

to Table 2, while in 2001 the mean expense of consumption was 84% in 2002 and 2003 was
around 83% for them both. The associated standard deviation in 2002 experiments a high
increase, such a fact can not be implied from Table 3 for real or nominal values for the total
household measures.
It can be seen from the data that although that the poorest household income decreases
in 2002 in contrast with 2001, the richest household in 2002 and 2003 experiment a great increase respect 2001 explaining the increase in the standard deviation noticed above. This fact
could imply the necessity of verifying the effect of the dispersion in the income distribution
of the households.
The problem with the present approach is referred with the lack of information for the
commodity groups consumed. The total consumption as a whole is not sufficient to interpret
correctly the elasticities, which captures the aggregated behavior of all of them. On the other
hand, the stability of the elasticities could be tested with an unit root test as performed by
Chakrabarty et al. (2006), but this time series approach requires more observations (years
in this case) to be employed efficiently.

6

Conclusion

Definitely, the non parametrical approach is superior over the parametrical, whenever the
specification is not possible in the latter. The non parametrical approach has the advantage
19

Table 3: Household Variables

1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003

Nominal Values
Consumption
Income
Mean
S.D.
Mean
S.D.
35400.74 17991.57 42380.02 21191.50
37852.73 18629.62 45559.27 22548.55
39412.11 18849.85 47424.70 23437.47
41355.73 23111.13 49248.07 26135.96
42418.29 22871.83 50594.00 26557.30
42897.83 21095.97 51003.01 25087.28
43304.75 20473.64 51197.19 24083.97
44900.63 21937.77 52934.41 25774.51
45953.21 23948.63 53971.17 27858.22
47161.74 24585.37 55399.90 29338.42
29621.65 22106.00 35277.38 28729.14
29228.22 22570.83 34540.70 27702.60

Real Values
Consumption
Income
Mean
S.D.
Mean
S.D.
441.40 211.94 529.27 250.62
445.00 213.66 536.03 259.81
439.70 209.12 529.19 260.27
447.94 249.57 533.50 282.37
451.75 243.02 538.87 282.26
450.38 221.36 535.48 263.28
445.87 210.85 527.13 248.02
458.30 224.06 540.29 263.24
466.06 242.89 547.38 282.54
471.62 245.85 554.00 293.38
290.41 216.73 345.86 281.66
282.67 218.29 334.05 267.92

to perform a regression with the agnosticism of the functional part among the explicative
variables, whereas in the parametrical case the linear form is mandatory. However, the non
parametric methods are mainly conceived as smoothing methods for the depending variable
and work better for smooth variables.
Beyond the econometrical methods capabilities, one of the definite problems in the present
study is the availability of data in the SOEP data set for stratification of consumption in different commodity groups that could produce better approximations to study the elasticities.
It is known that the consumption of one household is composed of different types of goods
that could be normal (necessary and luxury) or even inferior if there is the case. In this case,
the only possibility is to calculate the whole package of consumption per household, putting
aside the previous observation and diminishing the possibility of implications the work could
suggest.
It is important to increase the study checking whether a change in the dispersion of the
distribution explains the consumption elasticity with respect to income. What happened in
2002 that decreased the income mean of the household distribution is an interesting topic
and an open question for future research of applied econometrics. For now, the present study
reveals that, possibly, the best approach to capture this shock in the income elasticities is
the non parametrical local linear.
In other remark, it might be interesting to follow Chakrabarty et al. (2006) idea by
checking the time series regression that can be constructed gathering the elasticities results
to imply the stability of such a series looking for unit root behavior in the series. Such
application would be practical only if a large number of years (the suggested number is larger
than 30) are available. However, this reduces the importance of the explicative variables
that are involved in the consumption demand regression at least from the moment that the
20

time series regression is estimated since the inverse process to imply which are the main
components that are responsible for stability (or not) is a difficult to imply. Moreover, it
might be useful to test different variables that could be included as part as the regression
analysis as expectations. There exists the possibility to put together a non parametric
panel. However the better developments are only compromised on the advances of statistical
techniques and on the availability of datasets.
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