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Abstract

This paper questions the relevance of income for measuring the link between poverty and
healthy diet. We use a segmentation approach to cluster households, based on a finite mix-
ture of QAIDS/AIDS models of fruit and vegetables consumption. The endogeneity of total
expenditure within each class is taken into account and tested. An E-M estimation proce-
dure which reduces to compute iteratively weighted instrumental estimators is developed
and applied to a French panel data. We also propose a subsampling technique to determine
the optimal number of classes. We obtain 6 homogeneous classes, reflecting specific income
and price elasticities. We find that, for the deprived class, fruit and vegetables demand
accurately characterizes economic and social inequality.
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1 Introduction

Food deprivation is one basic dimension of poverty!. Our main interest in this pa-
per is to define a concept of poverty revealed by food consumption patterns, in the
perspective of inequalities in standards of living including health. Our hypothesis
underlying this approach is that economic deprivation and social exclusion do im-
ply specific food consumption patterns which are not entirely explained by monetary
poverty and may have important health consequences. Consumption analysis shows
that low-income or low-status populations have significantly different behaviors in
several areas: quantities consumed, quality of food, variety of products, distribution
of consumption between at-home and away-from-home segments,... Nutritional stud-
ies acknowledge the role played by food behavior and lifestyle in health inequalities.
Several studies point out that higher social class groups tend to have healthier diets,
one of the main differences lying in fruit and vegetable consumption (Roos et al. 2000,
Johansson et al. 1999). Since this product category plays a major role in nutrition, it
has developed as a special tool for socio-economic policy. Increases in fruit and veg-
etable consumption is one of the most prominent goals of Health Programs in several
developed countries: Food Pyramid recommendations in the USA (USDA 2000), the
Programme National Nutrition-Santé (Ministére de ’'Emploi et de la Solidarité 2000)
in France, the Five-a-day Programme in UK (Department of Health 2000). As such
we may use the differentiation power of this food category.

We will focus on the food dimension of deprivation, with two aims: the first is to
clarify the relationship between monetary poverty and healthy food consumption (or
deprivation); the second is to establish income classes from a relevant healthy food
deprivation scale, so as to escape the usual frame of quantile thresholds. Deprivation
is widely distributed in the income scale, since social workers report that an income
shock (for example a health problem) sends 3rd quintile households into poverty.

We assess the existence of different types of food demand in the population. We
want to estimate a demand system for different homogeneous categories of population,

the concept of homogeneity (in food consumption behavior) being itself defined by

!Sen (for example 1984) made popular the multidimensionality of poverty.



the demand system. In this perspective we will focus on a segmentation approach,
that is a method for clustering individuals based on the homogeneity of their food
consumption patterns, without constituting ex ante categories based on income. For
this we perform a clusterwise regression analysis (see DeSarbo and Cron, 1988) of
food demand based on a finite mixture of components, without making any prior
assumptions as to the number of classes, and taking into account the specificities of
demand systems. In our case we will be essentially interested in estimating a finite
mixture of AIDS and QAIDS models, taking into account the endogeneity of total
expenditure in the model.

The outline of the paper is as follows. In part 2 we begin with a short description
of the QAIDS model which serves as a basis for the segmentation procedure. We
describe the mixture and show how it is possible to combine E-M type algorithms and
standard iterated weighted least square estimators to obtain convergent estimators
of the parameters of the model. We also propose a test based on subsampling the
log-likelihood ratio to establish the number of components to retain in the model.
In part 3, we give the French data to which the model is applied. Our results are
presented in part 4. It is shown that income is not the main structuring variable for
differentiation and inequalities in food consumption, although the most deprived class
corresponds to the lowest income households. Our more striking result is that food
consumption has no correlation with income in the poorest class, and this constitutes

a rather surprising result in demand analysis.

2 A finite Mixture QAIDS model for food demand

2.1 Theoretical framework

We describe the household A consumption behavior? during the week ¢ by the Quadratic
Almost Ideal Demand System model (QAIDS) which was developed by Banks, Blun-

2Food consumption is studied in the framework of the household production model (Becker,

1965).



dell and Lewbel (1997). The budget shares, w;;,, have the following form? :

N
win = pin + Y i mpin + B Inxy — na(py)] + A

=1

lnz, —In a(ph)]2
b(pn)

+ Uip ) (1)
fori=1,..,N food categories and h = 1, .., H households with

N N N
In(a(pn)) = ao + Z i In P, + % Z Yij Inpin Inp;n and b(py) = szﬁh
i=1 ij=1 i=1
(a(p) may be interpreted as a price index), where p;, is the price of a food category i
for the household h, x;, is the total food expenditure of the household h and o, 7;, 5;
and \; are the parameters to estimate. We also define p, = (p1p, -..., pnn). Because we
cannot identify coefficient ag in this model, we will impose ay = 0. In order to take
into account heterogeneity in behavior and identify the model, the parameters p;
are modelled as a linear form p;;, = oo + Z,;hozik , where 7, is a vector of household
characteristics, and k& = 1,...K. The first column of Z) is assumed to be a vector
of 1. The standard AIDS (Almost Ideal Demand System) of Deaton and Muellbauer
(1980) also corresponds to the equation (1) without the quadratic expenditure term
but including the price index a(py,).

It may be proved that this system derives from some cost minimization, if it
satisfies the restrictions imposed by the theory i.e. additivity and homogeneity of
degree zero of the budget shares in prices and total expenditure and the symmetry of
Slutsky’s matrix. This implies the following constraints :

Adding up is satisfied when Zf\il aio = 1,X0 gy, = 0, VE ,Zij\il vij = 0,
Vi, 3N Bi=0,and N N\ = 0.

Homogeneity and symmetry require Zjvzl vij = 0, Vi and 7,5 = ;.

In the following, let & = (a1, ...cauy) be the vector of constants, 5 = (44, ...., Bn) the
vector of expenditure parameters, v = [y;,]1<i<y the matrix of cross price para-
meters and A = (Aq,...,A\y) the impact VeCtIOSI‘j So]¥ the quadratic term. Define also
0 = (o, 3,7,\) . We denote by = the set of all parameters 6 satisfying the constraints.

Since the shares sum to 1, one equation may be dropped to ensure that the residuals

31n the following, we drop the index t for a clearer presentation.



have a full rank covariance matrix. Thus we may write the model in the following

normalized functional form
N-1
win, = fi(Phy Zny Tp, 0) i, 1 =1,..,N =1, wn;=1-— Z Wi p
i=1

and globally
wh = (Win, Wan,. wx-1n) = f(Dns Zny Tn, 0) + un (2)
with the notations wu, = (u1,ug, ...,ux—1) and f = (f1,..., fv_1) -

One of the main problem when estimating demand systems is the endogeneity
of the expenditure x;. To solve this problem, the income 1y, is generally chosen as
an instrument and a model is assumed in the form Inz, = I[,6 + n, , with I, =
(1,Inyn, pn, Zp) and E(n,|I) = 0, V(nu|1) = o2

To test and correct for the endogeneity, it is now common to use an augmented
regression framework. This procedure has been adapted by Blundell and Robin (1997)
to the case of a non linear model with applications to a QAIDS demand model. As
shown in their paper, to perform and prove the validity of this method we need the
following additional assumptions on the structure of the residual in the demand system
mainly u, = pn, + &, , with py € RV~ (which may be interpreted as a measure
of the endogeneity of xj, conditionally to the information I,) and E(ep|l,,nn) =
0, Viep/p,mn) =% .

We assume in addition that (g4, 7,) are independent for h = 1,...H. Under these
hypotheses, we may estimate the whole demand system with a two steps procedure.
The first step involves regressing the expenditure on the income and the exogenous
variables to get an estimator § and plug the predictive value of the residuals 7, =
rp — ]hZS\ into the original demand system to correct for endogeneity. However as
revealed by a previous study (Caillavet 2002) estimating a QAIDS on the whole
population does not allow to adequately describe the economic and social inequalities
underlying the demand system. To address this problem of heterogeneity, we propose
the use of finite mixture regression or clusterwise regression models in the following

section.



2.2 Segmentation: from discrimination to model based cluster analysis

There is a huge literature about classification and mixture in the statistical field :
relevant ideas may be found in standard non-probabilistic data analysis (for instance
K-means) but also in mixture modelling (see McLachlan and Peel 2000) and statistical
learning (Freedmann, Hastie and Tibshirani 2001). We would simply like to recall
that there are essentially two aspects of classification, which have clearly different
goals :

- discrimination also known as supervised learning in the statistical learning field.
In that case the individuals are supposed to belong to some pre-specified class. In
our framework, this approach is essentially useful when one wants to predict the
behavior or the consumption of an individual belonging to a specific class. Methods
of segmentation have seldom been used in the economic food demand literature: most
of the approaches considered may be categorized as discriminating. Indeed, papers
considering various segments of demand generally impose the class ex ante. The most
widely used criterion for this typology is monetary income categories (Park, Holcomb,
Raper and Capps Jr 1996), with particular focus on poor and non poor populations
across poverty lines. Nonetheless a growing body of applied literature mentions the
lack of significance of income on food consumption.

- cluster analysis or unsupervised learning in statistical learning. In this approach
the classes are not known a priori but are rather determined by the data itself. The
main idea is to consider that observations arise from unobserved homogeneous classes,
in some unknown proportions according to some finite mixture of distributions de-
scribing the behavior of each class. The goal is to recover the underlying classes
and estimate the parameter of each component of the model. Finite mixture models
are described at length for instance in Titterington, Smith, and Makov (1985) and
McLachlan and Peel (2000). In food demand analysis, an attempt in that direction is
developed in Jensen and Manrique (1998), in which they use a Goldfeldt-Quandt test
to determine two (or a fixed number of) homogeneous segments of the population.
However we have some doubt about the statistical significance of such a test, which

relies on the existence of a switching model along some ordered variable, for instance



the income, and the existence of only two models for two distinct categories (the poor
and non-poor)*.

In general clustering algorithm operates on feature vectors of fixed dimension,
but some earlier studies have also been focusing on clustering regression models (see
DeSarbo and Cron 1988, Wedel and DeSarbo 1995)). Following these ideas, we assume
that there exists K classes (K unknown but bounded) characterized by the relation
(2) with some parameters 0(5), (), s = 1,..., K with ) # 0 for s # s*. For
s =1,.., K, we put 0 = (ovs), B(s)s V(s)» \(s)) Where the parameters are indexed by
(s). Moreover there is no reason for the total food expenditure elasticities to be the
same throughout all the classes, so we assume that the instrumental rgeressions hold
with some parameter (J(,), ‘7(23)’ p(()s)), which may be different on each class. Actually,
there is no reason to assume that the model is the same for each class, for instance
it may be that in our case the quadratic part of the QAIDS is not significant for
some particular sub-classes (Caillavet 2002). For simplicity, we assume that for each
class the residuals (ep,(s), Mn(s)) are i.i.d gaussian, h=1,....H. For mixture models, the
gaussian assumption is not restrictive in this way (see McLachlan 2000). Finally,
because the number of parameters to estimate is large in relation to the number of
individuals that we have in our data, we will assume that this matrix is diagonal
Yy = diag(()k=1,.n- This (strong) hypothesis will facilitate the estimation procedure
but may be relaxed in situations where a great deal of data is available.

Because of the exogeneity of the demand, this will however ensure that we can effi-
ciently correct the endogeneity problem by a simple iterated two step procedure.Under
these conditions and the conditions outlined above, the likelihood of each household

may be represented by the ”leek” function

K
T(whvxh|[h7 @) = Zﬂsfs(whvxh|lh7®(8)) )
s=1

where fs(wp, 24|11, Os)) is the likelihood of (wp, x5) conditionally to I, for each in-

4 Another interesting approach which may be seen as intermediate between the two approaches
mentioned above has been explored by Jarque (1987): it is actually a special example of what is
known in the statistical literature as a mixed model (see for instance Searle, Cassela, McCulloch,

1992). We believe that some statistical work is still needed before validating this approach.
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dividual in class s.In the following we use the simplified notation ¢(z) = exp(—3a'z)
for x € RP, for all p. If f(.) denotes the likelihood of wy, conditionally to both z; and
I;, and and fZ(.) respectively the likelihood of wy, conditionally to I, by conditioning

arguments, we have under the preceding hypotheses,

1
(27T)N/2 det(Z(s))l/QJ(s)

Js(Wn, zp|1In, Os)) = f3' (whlzn, In, O ) f5 (Tn|In, Os)) =

Gb(z(_s;m {wn = f(pn, Zn, w1, 05) — plsy(en — Tnd(s)) } d({xn — Indio) } /o(s))

where O = (9(3),E(s),d(s),aé),p?s)), 0y € E and © = (0),...,0()) and ™ =
(71, ..., 7k ). The probabilities 7.s may be interpreted as membership probabilities
and thus characterize the size of the class.

If we have some convergent estimators of the parameters m and © say 7 =(7y, ...7Tx)
and @, the analysis of the classes may be performed by using the classic posterior
Bayes formula which gives the estimated posterior probability of belonging to the
class. This essentially means that the membership to the class is determined by the
range of the price and income elasticities and the coefficients of the socio-demographic
variables on an homogeneous segment. However it may be difficult to identify the main
determinants of this "homogeneity” and to explain the composition of the classes.
A possible solution with regard to this problem is to assume that the probabilities
m.s are themselves functions of the sociodemographic characteristics. In that case,
the model may be seen as a combination of cluster and discrimination analysis. Be-
cause we do not want in this paper to make any prior assumptions on the variables
explaining the composition of the class, we will not pursue this approach. We will
thus focus on a pure cluster modelling analysis and explain a posteriori the composi-
tions of the classes by a multivariate probit (or logit) model with some socioeconomic

explanatory determinants.

Assume that the number of classes is fixed equal to K. By the independence

assumption on the households, the likelihood of the whole data is thus

H
TH(@) = HT<wh,$h‘phaZhyyh7@) :

h=1



It is known that the maximum likelihood is not correctly defined in mixture mod-
els. The most popular algorithm in that kind of situation is the E-M algorithm
developed by Dempster, Laird and Rubin (1977). Since the algorithm may also con-
verge to a local maximum, the use of different starting values and several runs of the
algorithm are generally necessary to validate the final results. The use and details
on E-M algorithm in mixture regression models may be found in De Sarbo and Cron
(1988).

An iterated E-M algorithm

The main idea of E-M. algorithm in mixture models is to consider that the un-
derlying classes (C, ...,Cy) play the role of hidden data. The E-step (Expectation
step) calculates the expected value of the full log-likelihood with respect to the distri-
bution of membership variables (conditionally to all the others). Starting from some
previously established classes (1, ..., C'x and values of the parameters O and T, the
E-step consists in calculating the posterior probability of membership of individual

h to class s* that is

2 sy o (Wny Th|Phy Zhy Yn, O(s))
W(s*)’h = K
Zs lﬂs)fs(whaxh@hvszyh’@( ))

if heCe . (3)
The expected full log-likelihood (evaluated at @) is given by

H K
> Fwn @iy folwn, 2hlpn, Zn, yn, O(s))) -

h=1 s=1

The M-step (maximization step) now consists in finding the MLE for each © ). Since
we can factorize the likelihood in each ©(y), and getting rid of the term independent
of ©, this amounts to finding the m.l.e. for each log-likelihood, s =1, ..., K, given by

(C'is a generic constant independent of the data and the parameters)

H
@(S) Z% S)hhl fs wh,$h’phaZhayha@( )))
h=1

Following Blundell and Robin (1997), it is easy to see that the factorization into
two distinct parts (the augmented demand system and the instrumental regression

model) implies that we can first estimate the instrumental equation separately and
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then obtain the m.l.e. for the parameter in the demand system by plugging the
estimated value of d(,) say g\(s) into it. But under the hypothesis of normality,
this in turn amounts in estimating the parameter of the demand system as if the
variance of each individual was weighted by the inverse of its posterior member-
ship probability %(s),h. In the case of the AIDS model, the m.l.e. estimators are
exactly the weighted least-square estimators on the instrumental equation and all the
shares equations, with weights given by (3) (see detail in the full technical report
Bertail and Caillavet, 2003). Thus at each step of the E-M algorithm, we can use
the usual two step estimation procedures of the demand system by just multiply-
ing the terms in the models by ﬁ(s),h. Notice that in the case of the QAIDS, the
whole quadratic part should be multiplied by this quantity but not the variables in-
side. We just have to take care of the estimators of the variance, which in our case

~2 ~ -1 —~ = ~
are given respectively by o, = (Zthl %(5)7;1) Zthl Ts)n(@n — Ind(s))? and () =
~ -1 ~
(ZhH:I %(sxh) S iy () nEnER' where

En = wy, — f(ph, Zhy Thy 5(5)) - /3(()5)(3311 - [hg(s)>

are the estimated residuals. The algorithm now consists in iterating the E-M proce-
dure by assigning, at each step. In the final step, when convergence occurs the variance
of the estimators of the parameters and their transformations (for instance the com-
pensated or uncompensated elasticities) are obtained by evaluating the Hessian and
using Slutsky’s theorem.

Choice of the number of classes

Despite of a lot of recent work on the subject, the choice of the number of rel-
evant classes (when it is not fixed by some a priori arguments) still remains an
important and difficult issue. The original proposal of DeSarbo and Cron (1988) is
to base the choice on the comparison of an Akaike criterion for an increasing num-
ber of classes. Another natural and almost equivalent proposition is to look at the
value of the likelihood and use a likelihood ratio test. However it is known that
since this amounts to consider that the 7, may take value on the boundary, the
limiting distribution of the likelihood ratio test is non-standard so that it may be

difficult to implement especially in this two step procedures. The heuristic Akaike
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criterion AIC(K') proposed in DeSarbo and Cron (1988) is transposed to our case.
We here define it as AIC(K) = 2 ML(K) — p(K) , where p(K) is a penalization
of the form p(K) = 2{(j1 + j2)K + K — 1}/H ,where j; and j, are respectively the
number of parameters for the demand system and for the instrumental regression).
(j1 + j2)K + K — 1 is the effective number of parameters estimated in the K clus-
terwise regression model. The AIC criterion tries to balance between the adequacy
of the model and its parsimony. However, Wedel and DeSarbo (1995) argued that
the AIC criterion tends to choose a too small number of components and that the so
called Bayesian Information Criterion may lead to a better choice. It is here defined
as BIC(K) =2ML —log(H) * {(j1 + j2) K + K — 1}/H. The purpose is to find the
optimal value of K which maximizes these information criteria.

Using bootstrap methods for determining the number of components in a mixture
model has also been proposed by several authors (see for instance McLachlan and Peel,
2000). However it is known that this is typically the kind of situation in which the
bootstrap may fail because of the lack of uniformity ofd, subsampling techniques are
known to work in the most general framework including statistics with an unknown
rate of convergence (see Bertail, Politis and Romano 1999). The idea is simply to
draw (B times) without replacement some subsets of fixed size by and to estimate
the log-likelihood ratio of K against K + 1 for each of these subsets. The quantile of
order 1-a of the subsampling distribution may serve as the basis for constructing the
rejection region. Typically the null hypothesis is rejected if the observed likelihood
ratio on the whole sample is greater than the value of this estimated quantile. A
detailed description of the procedure as well as a proof of its asymptotic validity in

our framework are given in Bertail and Caillavet (2003).

3 Data and methods

3.1 Data

We use a French panel data from 1997 conducted by SECODIP containing 5348
households. Households are asked to register their food purchases for at-home con-

sumption on the basis of daily purchases through the use of a scanner. The total
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quantity purchased of each good and the total amount of money spent on each good
are recorded. For this study, we work at the aggregate level of large food categories
on an annual expenditure basis. Consequently, we have no zero values at that level
in our consumption data, and we can estimate directly a demand system without
controlling for the participation in the market, which is one of the main issues in
the food demand literature. Households are assigned to 2 groups, and are requested
the model on its boundary. Indeed to register their purchases of a restricted set of
fresh food products. Hence the list of products covered by each group differ, although
there is some overlap. If the two lists put together represent practically all possible
food products with a wide variety, unfortunately it means that we have no complete
information on food purchases for a given household. Though a clear limitation of
our data, SECODIP survey remains in France the only current data source allowing
the computation of unit values for food, by registering quantities and expenditures
for detailed products of food-at-home. 3

Healthy food is not a strictly defined category® but some food categories in-
variably stand out when we are considering positive influences on health: fruit and
vegetables are widely considered to be an indicator of dietary habits conducive of
good health. This is explicit in nutritional studies, where it is used as a proxy to
characterize good dietary habits (Fuhrer et al. 2002; Morland and Diez Roux 2002),
as well as in socio-economic studies on the role played by food in inequality (Feng and
Chern 2000). In view of its prevalence in positive nutrition and taking into account
the social differentiation of its consumption, suggested by several studies, we focus
here on fruit and vegetable consumption. Moreover, we can avoid the drawbacks of

dealing with such a heterogeneous category as "healthy food”, where different dietary

5Since 1991, information on food consumption is only available in French Family Expenditure
Surveys (FES). In the 1995 FES, data are limited to expenditure recording. In 2000-2001 FES, some

quantities have been introduced. Unfortunately, these data are not yet available.
6 A healthy diet is considered to mean abundance in grains, vegetables, fruit, and restrictions on

total fat, saturated fat, and cholesterol, combined with moderate and regular physical activity, at
least from the perspective of preventing food-related diseases such as coronary heart disease, cancer,

stroke, and diabetes.
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patterns are mixed. In SECODIP survey, fruit and vegetable purchases are registered
by 2005 households with complete information. As noted above, we do not have in-
formation for all food categories, so that we will consider that fruit and vegetables
are separable from other food and non food budget, for poor as well as for non poor
populations.

Our survey does not register home production. According to 1991 data, it would
represent 26% of fruit and vegetable expenditure. This underestimation of the real
consumption does not prevent us from calculating price and income elasticities which
are meaningful for socio-economic policies. We here adopt the same classification as
in a previous study: products are separated in N=9 groups, following their type (fruit
vs vegetables) and the degree of processing’. Thus we distinguish : fresh fruit; canned
and frozen fruit; dry fruit; fruit juices; fresh potatoes; fresh vegetables; canned and
dry vegetables; frozen vegetables; and vegetable convenience foods.

The dependent variables are constituted by the nine budget shares of fruit or
vegetable categories in total fruit and vegetable expenditure.

Since prices are not available in our survey, unit values are used as proxies. First,
for each household, we obtain unit values by dividing expenditure by the quantities
for each food category defined above. Second, we calculate the means of these unit
values by cluster. Here we build the clusters by concatenating two variables: the
region, and the size of the residential area. Finally, the unit values obtained are
imputed to each household according to its own cluster. The unit value of a food
category is calculated by dividing expenditure by the quantity recorded for this food
category.

Socio-demographic influences are controlled through the introduction of the age

of the household head, the maximum educational level in the household (between

TCaillavet (2002) estimated an AIDS on (a priori) subclasses and found major differences in the
range of elasticities. The 1st quartile (compared to the remaining population) showed lower income
elasticities for fresh or frozen products (then healthier products would be less elastic) and higher
income elasticities for more processed products. Regarding direct price elasticities, higher values
were found for the 1st quartile with respect to fresh fruit, dry fruit, and convenience vegetable

products.
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spouses), and household size. The age of the reference person indicates the stage of
the life cycle at which we find the household. Household composition is represented
by the number of members. Education increases household and market efficiency, and
consequently income. Education may also be considered as a proxy for efficiency and
may condition the household production function accordingly. However, its effect
is not clear a priori. For example, a higher level of education may increase the
opportunity cost of time, but at the same time the utility of leisure activities varies
according to education. Location and rural/urban effects are captured respectively
through 8 and 4 dummies. A variable indicating the availability of a kitchen garden
and/or an orchard will control for the absence of home production in the data.

Table 1 presents the summary statistics of the variables used for estimation®.

3.2 Methodology

One of the purposes of our classification of households is the determination of the
number of segments into which they are to be classified. The initial classes are set
up with quantiles of household income (quartile for K = 4, quintile for K’ =5 and so
on). For this, we use a measure taking into account demographic units to obtain an
equivalent adult household income, following the Oxford/OECD scale.

The procedure has been run for 4, 5, 6 and 7 classes. The corresponding values
were obtained for the mean log-likelihood =M L(K'). We also give the corresponding
AIC and BIC criteria.We also performed the subsampling log-likelihood ratio test
described above and detailed in appendix 2. For this, we choose by = 400 and repeated
the subsampling procedure 500 times. The 95% quantile of the subsampling distri-
bution of the log-likelihood ratio test (which is equal with our notation to R(K) =
2HML(K + 1) — ML(K)) ) for testing K components against K+1 is also given

8For the further econometric analysis, reference categories are indicated in italics.
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below

K ML(K) AIC(K) BIC(K) R(K) SUB(K,K+1)

4 1642 31.760 32.091  360,5 175,4
5 16.51 31.669 32.084 1198.4 182.8
6 16.81 31.999 32.496  155.6 187.3

7 16.85 31.809 32.389

We can see that the highest increase in the log-likelihood was obtained between 5 and
6 components. This jump in the likelihood is strong evidence that there are at least
6 significant components. Minimization of both the AIC' and BIC' criteria yields the
choice K = 6.

The subsampling test also gives us the choice of K = 6 at 5%. It may be noted that
if we had only considered the AIC and BIC criteria and looked at K = 4 and K = 5,
we would in fact have concluded that the right number of classes is K = 4. We have
actually tried to estimate the model for more than 7 classes to test the robustness of
our results, but we encountered serious convergence problems for K = 8. We either
got estimators of the MLE yielding a likelihood smaller than what we obtained with
K =6 or K = 7, or non-convergence of the algorithm when changing the starting
values. This strongly indicates some identifiability problem for K = 8. Consequently,
based on our previous tests, we have retained the number of K = 6 classes. For
K = 6, more than 92% of the households belong to a specific class with a posterior
probability close to 1. This means that the discriminatory power of the model is very
high. The remaining 8% have a large probability (superior to 0.7 except for a few
"misclassified” individuals) to belong to at least one class and smaller probability to
belong to the others. To have a better view of the classes, using a standard bayesian
rule, we have decided to allocate the households to the class for which they have the
largest final posterior probability. The characteristics of the groups corresponding
to this classification are given in table 2. Other methods based on a simultaneous
estimation of the model and the composition of the classes will be studied elsewhere.

The demand system is estimated simultaneously for the 6 classes revealed
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through the segmentation process. Let us recall that those classes identify homo-
geneous segments of fruit and vegetable demand. The estimations obtained with the
QAIDS model seldom show significativeness of the quadratic term in expenditure for
some classes and may yield convergence problems for large K (>6). Consequently we
only present here the AIDS specification results. We hope to validate these results
on the QAIDS on a much larger sample in the future. Concerning the exogeneity of
the total food expenditure, the results indicate that it is rejected except in the lowest

income class.

4 Empirical Results

4.1 Relevance of income as a criterion for segmentation

A preliminary look at class characteristics (table 2) shows that the main structuring
variable here is not income. The gross measure of household income ranks the lowest
strata in K1, then in K4. The remaining four classes have levels closely grouped
together above these two. Instead, a relevant ranking appears when we use adult-
equivalent income. Family composition is then an important variable. Note the
small size of this first segment (corresponding both to the lowest income and adult-
equivalent income class): it represents only 7.8% of the population, well below the
first quartile used in preceding studies, and not even very close to the decile, which
is the most common income interval considered in poverty studies.

This is only partially coherent with Jensen and Manrique’s (1998) classifying ap-
proach. They used total expenditure as a measure of income for classifying households
into income groups and for estimating a complete demand system. On our sample,
fruit and vegetable expenditure gives also the same ranking as income, but does not
provide the best explanation for heterogeneity of food behavior. Jarque’s clustering
(1987) obtained a segmentation of households explained by occupational category

more than by income classes.
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4.2 Determination of homogeneous classes in fruit and vegetable demand

These results are based on a multinomial logit performed to explain the membership
to a class (table 6), on the estimation of the determinants of fruit and vegetable
expenditure by segment (table 3°), and on the computation of expenditure and price
elasticities at the mean point for each class (tables 4 and 5). We will focus particularly
on the first segment which we identify as the deprived class (table 2, where maximum
values are in bold and minimum in italics).

K1: a multi-deprived class, where FV expenditure is low and insensitive
to economic variables

This segment simultaneously holds numerous aspects of deprivation: the lowest
consumption, the lowest household income, and the highest proportion of households
where the reference member has no education. It is constituted mainly by retired
people (25% of households), workers: 25%, employees: 23% and mostly has a rural
profile. It should be noticed that a great proportion of retired people in this class
come from an original class with a much higher household income. It suggests that K1
may be a grouping of heterogeneous categories, one being a muti-deprived population,
another being an elder population whose consumption patterns are directly linked to
health conditions and the position in the life cycle. Specific patterns of consumption
are visible in the budget structure. We find the highest budget share in fresh potatoes
and in most processed categories: canned and frozen fruit, dry fruit, canned and dry
vegetables, frozen vegetables, vegetable based convenience food. This expenditure
is compensated by a very inferior proportion of fruit juices, and of fresh vegetables
other than potatoes. The high share of the budget does not, nonetheless, indicate a
significant consumption in absolute terms (table 2). Moreover, this segment has the
lowest rank for fresh fruit (less than twice the amount purchased by K5), and fresh
vegetables consumption (1 to 3).

The real specificity of K1 is that fruit and vegetable expenditure is insensitive
to economic variables : there is no correlation with income, in opposition to the 5

other segments. In food demand studies it is a rather surprising result to find that

9Significance tests are indicated at 10% by *, 5% by ** and 1% by ***.
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income has no influence. Let us recall that, at the global level of food consump-
tion, a higher income elasticity in low-income households was expected. Nor do we
register either the effect of prices on fruit and vegetable expenditure. This may re-
flect a very strong income restriction leaving no real choice in food consumption, in
response to incompressible categories in the budget. The absence of economic deter-
minants does not mean a poor explanatory power of our model, since the R2 value
obtained is one of the highest among segments (>58%). The main determinants of
expenditure are to be found in socio-demographic characteristics with older, larger
households, and landlords producing a positive effect, and low levels of education
and self-consumption possibilities having a negative effect. For other segments, socio-
demographic variables share explanatory power with income and prices. Despite this
general lack of sensitivity to economic variables, all fresh products categories (fruit,
vegetables, and potatoes) do have significant price and expenditure elasticities. Note
the high values of own price elasticities for fresh fruit and potatoes, since an increase
in price would induce a considerable decrease in purchases (as in K4). With regard
to expenditure elasticities, fresh fruit and fresh vegetables (potatoes excluded) have
high values (>1) compared with the other segments. We observe few substitution
effects, only between the three fresh products categories, in particular between fresh
fruit and fresh vegetables.

K2: deprivation in monetary resources and high sensitivity to income
and prices

This is the segment of families with children: K2 registers the highest household
size, the younger reference member in low to median income households. They live
in rural or very big cities (except Paris) and frequently have the possibility of home
production. Their consumption is marked by the importance of fruit juices (highest
budget share) and of convenience food, which consists of processed products suitable
for active households with kids, where time as well as money is a scarce resource.
Expenditure appears very sensitive to variations in price, with considerably higher
elasticities for canned and frozen fruit than for fresh fruit, and also for frozen and
fresh vegetables as opposed to potatoes or canned vegetables. Note the effect of the

educational level (negative for no education, positive for both categories over the
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primary level, which constitutes the reference category). Expenditure elasticities are
high (over 1) for most products, and are the highest for convenience food: any income
or price variation will have a visible effect on consumption. Moreover, this segment
registers a great number of substitution and complementarity effects. Fruit and veg-
etable budgeting seems to be very flexible in its composition and very responsive to
prices.

K3 : deprivation in fruit and vegetable consumption

K3 households show deprivation in expenditure, mainly led by canned vegetable
consumption, though a median income. These households have a low fruit and veg-
etable expenditure despite not being unduly constrained by monetary resources. They
consist of fewer farmers, reduced possibilities of home production, while their con-
sumption appears orientated towards canned vegetables (with very high price elastic-
ities).

K4: deprivation in education but taste for fresh products

K4 records deprivation in education and shows a low fruit and vegetable expen-
diture, except for fresh products. This is a segment dominated by retired household
characteristics: more than 1/3 of the class are retired. They have the lowest house-
hold size and median monetary resources. They maintain a low expenditure level,
but with a very high share of fresh products, especially fresh fruit: it makes up 40%
of the budget (compensated through low expenditure of canned fruit and convenience
food). This segment shows a real taste for fresh products, and obviously has time to
prepare food and use traditional recipes... Let us recall that retired households are
also found in K1, but their consumption combines a low expenditure with a low share
of fresh products.

K5: high resources level and highest fruit and vegetable expenditure

These households have a high adult equivalent income (the highest gross income)
and the highest level of education among segments. Urban areas are particularly
represented, with fewer possibilities for home production. They have the highest
level of expenditure, also the first rank in fresh vegetable (except potatoes) budget
share and the lowest in canned and frozen vegetables. All fresh categories are price

and expenditure sensitive, with elasticities close to 1, therefore simply reflecting the
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variations of environment without extra effect.

K6: high household equivalent income and taste for fresh fruit

K6 has the highest income and a low household size, and has a considerable pro-
portion of retired households with a good educational level. With a good level of
expenditure, it has the highest budget share for fresh fruit purchases (41%, very
close from K4, and similarly a very low share of frozen vegetable consumption). Ex-
penditure elasticities are quite high for fresh vegetables (potatoes and other), but
surprisingly very low for fresh fruit. We find higher price elasticities for potatoes and

canned products than for fresh ones.

4.3 Deprivation and healthy food demand

Three segments reveal households deprived in some dimension of economic status: K1
on several aspects, K2 on monetary grounds, K4 on educational terms. Low consump-
tion of fruit and vegetables is evidenced in K1 and K3. When we consider healthy
food proxied by total fruit and vegetable expenditure, it corresponds to gross income
ranking. But taking into account the degree of processing of products purchased leads
to different conclusions. A preceding work (Caillavet 2002) on the same data based on
a a priori classification between 1st quartile of income and the remaining population
suggested that healthier products (fresh and frozen) would be less income and price
elastic. This is not so clear-cut here for our 6-segment results. The segmentation
found here corresponds to a ranking following adult equivalent household income,
but it happens to coincide with increasing quantities per capita of fresh products:
fruit, vegetables and potatoes. Moreover, in terms of expenditure, it corresponds to
increasing budget shares of fresh products (except potatoes), which, as for vitamins
concern, has the closest relationship with a healthy dietary pattern.

Fresh fruit purchases do have higher price elasticities in low income and expen-
diture classes. Note that fresh fruit consumption and fresh vegetable consumption
segmentate households in a different way whether this is in terms of budget shares or
through their response to economic signals. Fresh fruit concerned consumers are K4

and K6 with inverse characteristics of elasticities (over or under 1, giving a more or
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less significant response to a variation in income and price), both including an impor-
tant proportion of retired households. Fresh vegetable concerned consumers are K5

and to a lesser extent, K2.

5 Conclusions

In this study we have tried to establish a deprivation ranking based on fruit and
vegetable consumption, as a principal indicator associating healthy eating habits and
poverty. Traditional indicators are based on monetary measures or on a wider set
of indicators such as living conditions. More recent definitions of the level of welfare
such as the UNDP one (1998), include health inequalities as a major criterion. Among
these, nutrition plays a fundamental two-fold role: a short term one as an element
of consumption and welfare, and a more long-term one as in preventing diseases
and contributing to longevity. In this context, we have developed a methodology to
segment the population on the criterion of homogeneity of food behavior, using a
finite-mixture model. For this, we proceed to a clusterwise regression analysis of fruit
and vegetable demand based on a gaussian mixture of components. We obtain six
homogeneous segments of the population. Important structuring variables are shares
of fresh products in fruit and vegetable expenditure and household composition but
not gross income classes. Estimating a demand system on each of these segments, we
find very different price and expenditure elasticities, reflecting the diversity of demand
for fruit and vegetables in the population. The finding of an income-independent
segment of food demand (fruit and vegetable expenditure) has to be stressed: it
seems to correspond to a multi-deprived population in terms of income, education,
...(K1). The affectation of retired households with higher income in this class shows
K1 as a grouping of heterogeneous categories which have in common a low fruit and
vegetable expenditure and share of fresh products. This sign of unhealthy diet would
result from strong economic restrictions or particular patterns linked to health and
life cycle conditions. In any case, we see clearly that monetary deprivation does
not always imply unhealthy eating habit, since the level of education plays a role

(K2). At the same time, an average level of income does not guarantee a satisfactory
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consumption (K3). Traditional eating patterns linked to resources in time certainly
explain the importance of fresh products in K4 and K6 households, at different levels
of monetary constraints. It is also confirmed by the fact that the conjunction of
large resources and high education (high opportunity cost) does not give rise to the
healthiest consumption : the highest level of fruit and vegetable expenditure does not
in fact imply the highest share of fresh products (K5).

Evidencing different segments of demand suggests targeting specific nutrition rec-
ommendations and policies following the population. Concerning poverty, does mon-
etary poverty correspond to deprivation in healthy eating? On the basis of our data,
this appears to be true in France to only a limited extent: for a segment of less than
8% of the population. With regard to the remaining segments, educational level or
traditional eating habits partially appear to compensate for monetary deprivation.
On the other hand, deprivation in healthy eating clearly affects a broader population,
which may enjoy a median income level. Thus food consumption patterns may consti-
tute a useful indicator of health deprivation and inequalities rather than of monetary

poverty.
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