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1.Introduction

Pareto (1897) was the first to state that income distribution is fitted by a power law
whatever the country and time considered. Even if today the real nature of the income
distribution is disputed, this work has opened a new research area consisting in identifying
and analysing the income probability density function. The measure of poverty is not as direct
as the one of income and several poverty indices have been proposed. Indices like the ones of
Sen (1976), Foster Greer and Thorbecke (1984), and Watts (1968) use the individual income
distribution to affect a poverty score to the overall society under consideration. There is no
information about the poverty of each individual or household and the poverty distribution is
not accessible. The goal of this paper is to build a poverty score for each household belonging
to the same country and to examine the nature of the associated density probability function.
In the second section, we justify the interest of analysing personal distribution of
multidimensiona poverty scores by referring to the studies of personal income distribution
and to other emphasizing the definition and measurement of multidimensiona poverty. In the
third section, we present the method used to obtain multidimensional poverty scores based
upon a recently fuzzy approach to the measurement of poverty. The section 4 analyses the
results obtained from the application of the proposed method to the French data from the
Survey of Living Conditions for the years 1986 and 1993. Finally, section 5 examines the
relationship between our multidimensional poverty score and income. Concluding comments

are then given in section 6.

2. From Pareto power law distribution of personal income to the need of

identifying a functional distribution for multidimensional poverty scores.

Traditionally, poverty has been defined as a lack of income and has been associated
with the study of persona income. Pareto was the first to analyse and estimate a model of
persona income distribution. By demonstrating that the distribution of persona income was
best fitted by a power law whose parameter could be interpreted as an index of inequality,
Pareto advocated that only economic growth could achieve a reduction of income inequality.

Although, this finding has been largely disputed, it has opened a fruitful area of
research consisting in analysing and identifying theoretical distribution functions associated
with income. Certainly due to its normative implications, this topic of research has been left

aside by economists for nearly half a century. The failure to obtain a distribution that can best
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fit the overall incomes explains the interest of defining and constructing inequality indexes
like the Gini and Lorenz Curve.

The study of personal income distribution has however stimulated a good ded
research among statisticians, mathematicians and probability theorists’. The former have
proposed alternative models of income distribution. Among the most famous, Gibrat (1931)
proposed the “law of proportionate effect” and showed that income was governed by a log
normal distribution. Recently, this topic has attracted the interest of econophysicians. Among
the latter, Dragulescu A. and Y akovenko V.M. (2001) established that income would follow
an exponentia law for the great majority of the population in the UK and the individual states
of the USA.

Beside these studies, the poverty concept has considerably evolved during the last

three decades and has given rise to new definitions that underlined the multidimensional and
vague nature of poverty on theoretical and empirical grounds.
The main critics of the traditional definition based on income and consumption data have
been well documented. The most common pointed out the limitations of income as a proxy of
welfare or its dual poverty and the arbitrariness inherent in the identification of the poor
according to a poverty line defined in reference to the mean or to the median income of the
society. According to the poverty income indexes derived from this approach, individuals
whose income is near the threshold from below and above are respectively considered as poor
and non poor athough they do not experiment a significant difference in their standard of
living.

New definitions have emerged since the seminal works of Townsend (1979) and Sen
(1985). As is now well recognized, poverty is a multidimensional and vague phenomenon.
Income is only one of these dimensions. In order to take into account various aspects of
poverty, Townsend (1979) selected several indicators supposed to capture the general living
conditions of individuals and to include non monetary aspects. The capability approach
proposed by Sen provides a theoretical framework applicable to the context of poverty
analysis. Following Sen, well-being can not be determined by the possession of goods but is
defined as a combination of functionings. The three concepts of capability approach are
commodities, functionings and capabilities. Commodities are goods and services. They can be
viewed as instruments to reach the goal of increased well-being. Functionings are related to

what an individua is able to do and to be with his commodities. They correspond to the

*For more details, see Dagum C. (1990/1999) and Kakwani N. (1980) b .



achievements of a person. The various “doings and beings’ depend on personal,
environmental and social characteristics. Capability, closely linked to functioning, is a set of
vectors of functionings and includes the individual’ s opportunities and freedom to lead a type
of life than another one. Capabilities can be viewed as the abilities to achieve certain
functionings. Poverty is then defined as a default of capabilities to convert commodities into
functionings. The operationalization of this approach needs to take into account human
dimensions of poverty and particularly to classify the indicators selected according to the
distinction between the core concepts of the capability approach.

Multidimensional approaches have opened a new field of research in defining and
searching adequate methodological tools for measurement using micro data from census or
surveys. The fuzzy set theory appears as a useful tool to deal with the multivariate and the
vague nature of poverty.

This methodology consists in extending the traditional definition of the membership
function to a given set. Precisaly, instead of partitioning the population between poor and non
poor as it is the case in the traditional money metric measure of poverty, fuzzy set theory has
the advantage of taking into account a continuum of situations between these two extremes.
Based on the selection of a vector of indicators covering all relevant areas of living conditions
of the households of a given society, fuzzy set permits to obtain for each household a poverty
score. The latter represents the degree of deprivation or the degree of his membership to the
subset of poor. It leads then to the determination of a poverty index for the whole population
as generalisation of the head count ratio.

This methodology was first applied by Cerioli and Zani (1990). Their work has been
followed by others with some new theoretical aspects. Cheli and Lemmi (1995) offer notable
contributions. They propose a “totally fuzzy and relative” procedure to the measurement of
deprivation using the distribution functions of the variables accounted in the multidimensional
definition of poverty, instead of comparing the situation of individuals to absolute norms as
did Cerioli and Zani. The contribution of Chiappero Martinetti (2000) constitutes a reference
as she used fuzzy set with an explicit association with Sen’s approach.

Surprisingly, as for income, no attempt has been made in the context of such
multivariate analysis of poverty to characterize the distribution of poverty scores by an
appropriate theoretical density function. Such an attempt would permit to use graphic devices
in order to have a more revealing picture of the degree of poverty relative to each household
and its distribution. Such a device would alow us to detect possible laws from data and to

obtain some information on the organisation of poverty in a given society. The study of

4



functional distribution of multidimensional poverty scores could have useful applications in
poverty comparisons across times, regions and countries.

In the following section, we propose to define a method based on the TFR approach
that allows the analysis of the distribution of poverty scores.

3. Derivation of individual multidimensional poverty scores

In order to study the distribution of multidimensional poverty scores, it is necessary to
propose a method to define poverty scores lying, as for income, between 0 and infinity.

We consider i ? [1, N] households. For each household, we select j ? [1, v] indicators
about ownership of durable goods, the housing basic characteristics, the quality of housing
and the ownership of assets. The deprivation according to a given indicator may be interpreted
as a symptom of poverty. According to the capability approach, these indicators relate to
commodities and their characteristics and may be viewed a priori as reflecting the specific use
of the possession of income thet a person can make. The full list of the v = 17 questions
considered in this study is given in the appendix.

Considering the set of j indicators and g" , with | = 1...m, the possible values of
modalities taken by j, we can define the function g(i) as the value attributed to the answer of
the household i to the question j. For each indicator or question, the values associated with
each modality are chosen in order that the higher degree of poverty of the household i
regarding the answer at question j is, the higher the value of g(i). We choose g(i) to be a
positive integer (g(i) ? 0), the value g(i) = 0 hence corresponds to the lowest risk of poverty.

As an example, suppose that question j is: “Do you have a colour television, a black
and white television or no television at all?” Depending on the answer, 3) can take the value
0, 1and 2 (0 for acolour, 1 for ablack and white and 2 for no television).

Once recorded the answers of the N households, we then compute for each indicator
the normalised probability density functions pj(g) (1 ? ] ? v).

In the TFR approach, Cheli and Lemmi proposed that the degree of poverty associated
to the indicator (or question) j should directly be proportional to the cumulative distribution

function:
%
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This redlistic assumption is based on the fact that the feeling of poverty of a household is
directly related to the number of households owning a good that it does not own by itself. In
other words, this approach stresses and takes into account the relative nature of the poverty
feeling. Within the TFR approach, the degree of poverty or equivalently the value of the
membership function to the subset of poor, s(i) of the household i as regarded to indicator |
satisfies the following specification :

? 0 if g(i) = g™
5
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where s (aj?'?l':) represents the degree of deprivation attached to the modality (I-1) for

indicator j. With this formulation, the degree of deprivation (i) lies in the interval [0, 1] and
increases with risk of poverty. However, as is the case for income or wealth, we need to
introduce a poverty score that is not limited but that naturally lies between 0 and infinity. For

this purpose, we propose the new following definition of 5(i) :

2 2
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where (i) is still an increasing function of B(g) but is no longer restricted to the interval
[0,1]. Even if numerous alternative expressions can be proposed, this one seems to be the
smplest and introduces a logarithmic function often present in the measure of different
human sensitivities?,

Finally, the degrees of poverty assessed according to each of the v deprivation
indicators need to be reduced to one dimension in order to obtain the multidimensional score

of poverty s(i) of each household i.

2 In social sciences, logarithmic functions are common for example in the information theory. Beside they also
describe the sound intensity felt by the hears or the different colours by the eyes.



The degree of poverty S(i) is then defined as the weighted average with respect to the v
indicators :

\Y
s1?2 2 ?2.s5. 17, 4
j 21

where ?; isthe weight attached to the j-th indicator.

The weight ?; is chosen to be an inverse function of the average degree of
= 1 .

overty :sjy ?—7? s. (i).

poverty :sj 23 J()

This means that an important weight is given to a variable j associated to a very widespread
good in the society. In other words, the more a good is owned the poorer is the household that
does not own this good. The idea is of the same type than the one used above for justifying
the proportionality between (i) and the cumulative distribution Pj(g). The expression for the

weights ?; is proposed to be :
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This expression satisfies the inverse relation between the weight and the mean score and uses

N . 2 12
another logarithmic function. The form In31? —3 is chosen to prevent the occurrence of
2 §?

negative weights. Indeed, in contrast to the classical TFR approach, scores can be greater
thanl. The denominator ensures the normalisation of the weights avoiding a trivia
dependence of s(i) with v. Starting from the g(i) functions, a multidimensional poverty score
§(i) is evaluated for each of the N households.



4. The case of Francefor the years 1986 and 1993

We apply the method to the case of France for the years 1986 and 1993. We used two
different databases both coming from an INSEE Survey of Living Conditions and distributed
by the LASMAS-CNRS. The size of the household sample is N = 13154 for the year 1986
and N = 13280 for the year 1993. The same indicators are selected for the two samples and
the full list is given in appendix. Using the method described above, we compute the poverty
scores and the associated probability density function ?(s). In order to identity the nature of
2(s), we use the “rank ordering method™”. The N poverty scores are reordered by decreasing
values: § and g are respectively the largest and the smallest values. The rank ordering
method consists in identifying the relation between the nth larger value s, and its rank n.

In figure 1, we represent the s, values as a function of their rank n for the years 1986
and 1993. We know" that for an exponential probability density function of the form:

1 ’?7 2
2% —ep 3’9, 3 (6)
7 2/ 7s?

The nth larger value of s satisfies :

2N "?2
s ?27? In?—2 (7)
n S 2N 2

Using a semi-logarithmic representation, the data points are fitted by two different straight
lines for the two different years. Except for roughly the 100-th largest scores, the agreement

between the computed scores and the fitting functions is good.

3 For more details, see chapter 6 in Sornette D. (2000), Critical Phenomena in Natural Sciences, Springer-
Verlag, Berlin, p.137-150.
4 Seein Sornette D. (2000), p.141-43.



Figure 1: Rank ordering of the multidimensional poverty scores with logarithmic horizontal
scale for the years 1986 and 1993
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Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)

Note : Sraight lines are best fits to the exponential distribution.

More than 99 % of the household scores follow the exponential distribution. This agreement
demonstrates the relevance of our computed scores because they are distributed accorded to a
well-defined distribution law which outlines the way the society organises itself relatively to
this poverty score. The exponential distribution is a function that it is characterised by a single

parameter ?s. Its mean is equd to its standard deviation and is also proportiona to its median
Snis?? s ? S% %7 In figure 2, we plot these three parameters as a function of the number

of indicators v considered for each household i.e. as a function of the number of gquestions v.
The distribution is computed in the same way than above, except that we restrict our analysis
to the v-th first questions. As it is shown in figure 2, the three parameters are rather different

when a few numbers of indicators are considered. As v increases, they take closer and closer

values. Finadly for a number of variables roughly greater than 13, s ?, ad Sm 2?

reach a constant and almost equal value. The same comment stands for the other year
considered.



Figure2: s, ?, ad S% »?8S a function of the number of indicators defining

multidimensional poverty scores
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Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)

This plot confirms the hypothesis of an exponential distribution of poverty and also
demonstrates that a sufficient number of indicators need to be taken into account in order to
reach this distribution. For a weak number of attributes, the statistic is too poor to clearly
identify the exponential distribution. This result should be recovered in other
multidimensional measures of poverty.

The main property of this organisation type is certainly that we fully characterised the
poverty of the sample society by a single parameter. Indeed, as stressed above, the
exponentia distribution is defined by the unique value of ?s This is illustrated in figure 3

where is plotted the exponential distribution function of the poverty scores for the year 1986.
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Figure 3: Probability density function of poverty scores for the year 1986.

Source : Authors caculations from French Surveys of Living Conditions, INSEE (1986)

Note : Circles correspond to data from the French Survey and the full line is the best fit to an
exponential distribution.

All other well-known distributiors (Gaussian, log-normal, power law, etc) have at
least two indicators characteristic of the different moments. Thus, it is important to note how
our multidimensiona poverty scores lead to one of the simplest probability density function.
In this case, the knowledge of ?s is sufficient to obtain all other possible indicators from the
distribution density function. As a consequence, the comparison of poverty across societies or
across a chosen period is straightforward. One just has to compare the different values
obtained for ?s This comparison or variation study is usualy not so easy because the
underlying distribution density is not as simple as the exponential. In these cases, methods
like the stochastic dominance are required to test if the same ranking of the distribution is
obtained whatever the poverty line and the index of poverty chosen.

For the situation of France, the best fit to the household poverty scores for the two
years considered gives the following values for ?s: ?s = 0.819 for 1986 and ?s = 0.672 for
1993 which means a relative decrease of the mean poverty score of 17.9 %. According to the
properties of exponential distribution function, the same relative variation stands for the
standard deviation and higher moments.

This result has important implications for the political choices relative to poverty. It

shows that one can not decide for example to reduce the mean poverty while increasing
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standard deviation of poverty. The knowledge of this exponential organisation of poverty can
be used to predict how a global change in the poverty situation is going to be felt by the
different households composing the society.

Let us assume the following variation of the mean poverty: a time t the poverty
distribution is characterised by an exponential distribution with a mean value ?4 while at time
t + dt the mean value decreases to ? + d?4°. The relative poverty decrease is then defined as
r = d?«/?¢. According to this finding, when anaysing the effect of a global policy without
considering any individual increase or decrease in the poverty rank between t and t + dt, we
can easily see that the relative individual poverty score variation is the same for each
household and is equa to the mean relative variation (r).

This result is directly connected to the exponential nature of the distribution. Conversely,
considering for example a power law distribution, a mean variation would not be equally
distributed among each individual or household. In that sense, the exponential distribution can

be viewed as an egalitarian probability density distribution.

5. Statistical comparison between income-based measure of poverty and

multidimensional poverty score

As the multidimensional score of poverty is defined as a function of the main relevant
indicators o living conditions of households, it is intended to give a different picture of
poverty than the one based on income as the single indicator. Nevertheless, as the indicators
selected in this analysis may be considered as indicators of possible effect of symptom of
insufficient economic resources, a certain similarity between the two approaches is aso
possible. A comparative analysis is then required in order to validate one of these two
possibilities.

Therefore, we propose to investigate the relationship between our multidimensional
measure of poverty and the ones based on the income distribution in order to see if the two
different approaches indicate two different subsets of poor households.

From the same sample survey used to establish the poverty scores, we extract the
income I(i) of the tth household. It is the total income coming from the sum of al the

individuals composing the household corrected using OECD equivalence scale. For the

® Note that a poverty decrease corresponds to a negative value of d?,
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largest incomes, the probability density function ?(1) of incomes roughly follows a Pareto
law :

2952 1777, )

where the exponent ? is often named Pareto index. For the intermediary and lowest incomes,
no distinct law can be identified. This is certainly due to the fact that we consider the total
income of the household and not the distribution of individual incomes. In a recent study,
Dragulescu and Y akovenko (2000) pointed out that an exponentia distribution of income can
be found in the USA using individual rather than household incomes. We nevertheless decide
to take into account the total household income because our poverty scores have been
established for households. The correlation between the two approaches should then be more
pronounced when considering the household rather the individual income.

At the i-th household is associated the poverty score (i) defined in the previous
section and the income I(i). We calculate the global correlation between these two random
variables :

%cov':sl':
Ch17: 7 9)

with ?, ?; and cov(s,l) denoting respectively the standard deviations and covariance of s and
I. For the two years considered, table 1 gives the mean, the standard deviation and the Pareto
exponent for the income distribution together with the correlation coefficient just defined

above and the rank coefficient correlation described bel ow.

Table 1: Parameter of the income distribution and correlation coefficients.

Year 1986 1993
Mean of | 114267 | 137373
Mean of (i) 88047 | 111006
77 3.04 2.82
C(s 1) -0.34 20.32
C(Rs, R) 0.44 0.41

Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)
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The values of the correlation coefficients confirm the intuitive negative correlation between
income and poverty: the lower the income is the greater the poverty is. To further quantify

this relationship, we represent in figure 4 the I (i) versus (i) plot for the two years®.

Figure 4. Relationship between income and poverty scores
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Source : Authors a@culations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)
Note : In the log-log representation, the lines are best fits to power laws for the large and low

income regions.

We may observe two regimes. for large incomes and low poverty scores, the
correlation is clearly smaller than in the region of low incomes and large poverty scores.
Income and poverty are more correlated when households have low incomes, and above a
certain level of income the correlation tends to disappear. The loglog representation of

figure 4 permits to estimate a mean power law relation between the income and the poverty
scores for the two regions :

1772 5777, (10)

® For clarity, we do not represent the overall n points associated to the N households but subset averages.
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where ? is the exponent characterising the relationship. The best fit to the data gives?? 0.1 in
the large income region and ? ? 0.5 in the low income region. The relation between income
and poverty score is weaker for larger incomes. The influence of the income on the poverty
status is reasonably shown to be more important for the low incomes. For the low incomes,
we find that the income roughly scales as the inverse square-root of the poverty score. In the
same manner that there is a region where the correlation is amost zero because the income is
large, one can wonder about the existence of a third region where the correlation could
disappear because of the large amount of poverty. Unfortunately, homeless households are not
considered in the survey so that he current data are not appropriate for such a study of
extreme poverty.

The comparison is now carried out by measuring the rank correlation of income and
poverty variables. We denote by R(i) the rank of the poverty score of the household i and
Ri(i) the reverse rank of income of the same household’. The Bravais-Pearson correlation
coefficient C(Rs, R) often used in the analysis of rank correlation is defined as :

¢ r cov iR ,R !
C!R,R :?9—95' (11)
2RI R

The values obtained for the two years are listed in table 1.

The positive Bravais-Pearson correlation coefficients confirm the negative correlation
between the two variables (i) and 1(i). Their values are close to the ones obtained in a study
of the relationship between unidimensional and multidimensional approaches to the
measurement of poverty in Europe (Costa M. (2003)). No relevant difference is found for the
variations measured for the two different years.

The principal poverty indexes are based on income distribution analysis. Severdl
indicators can be obtained, the main one being the proportion of poor p or the headcount ratio.
The number of poor (p) is identified by determining arbitrarily a poverty line, i.e. an income
value |;. Households having income less than || are then considered as poor. This poverty line
is often expressed as a ratio of the median of the income distribution: || = ? I*. The choice of
the poverty line is empirical, for example the value ? = 0.6 is frequently used for European

poverty studies.

’ Poverty scores and incomes are ranked in reverse order because of the negative correlation just discussed
above.
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We can nevertheless think that there is an optimal value of ? that should give a
measure of poverty more closaly linked to the multidimensiona one.

In the following, we use our poverty score distribution in order to study the influence
of the poverty line on the measure of the different income based poverty indexes.

Wefix avaueof ? that selects afirst subset of households considered as poor because
of their lowest incomes. The number of households composing this subset isN, =N * p, p
being the headcount ratio. We then build a second subset of households of the same size Nj.
This time, households are selected as a function of their poverty scores : the households with
the N,-th largest poverty scores belong to this second subset. Our goal is to see if there is an
optimal value of ? that gives the best agreement between the two subsets. We can easily
count the number of households N; that belong to the two subsets, but we can not directly
look at this quantity to obtain conclusions on the correlation between the two subsets. Indeed,
N¢ trivially increases as the size of the subsets increases. The relevant quantity R measuring

agreement between the two subsets is then defined as :

2
I)
NC.pN

R? (13)

2
N _?p~N
p p

In this expression, p°N is the number of common households that one would find if the two
subsets were completely uncorrelated. This is the case if households were randomly
distributed among the two subsets. N is the number of common households if the two subsets
are exactly the same, N * p = N, is the size of the two subsets. Hence R varies between 0
and 1, the larger the value of R is, the better the agreement between the two subsets and the
more significant the poverty measurements are. In figure 5, we represent the values obtained

for R asafunction of ?.
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Figure5: Value of Ras a function of ? = I, / I* for the two years considered.

Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)

For the two years considered, we can see that the correlation is optimal for values ? in
between roughly 0.6 and 1.2.
This means that the poverty line has to be chosen in between these two values in order to
obtain an optimal measurement of the poverty headcount ratio. However, the correlation
coefficients remain quite low indicating that the multidimensional poverty score captures
other aspects of poverty.

Other indexes are calculated to measure poverty from the income distribution. We
focus on indicators that are the most frequently used in the current poverty studies. The Watts
index (1968) is defined as :

91 gll 3
w?— 2 Ing I?f?g’ (14)

where the sum runs over the g-th households having an income less than the poverty line |;.

Foster, Greer and Thorbecke (1984) have defined a class of poverty indexes given by :
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where ? is a parameter which puts more weight on the standard of living of the poorer of the

: (15)

poor for values above 1.

For ? = 0, we obtain the poverty headcount ratio (Po) while the indices defined for ? = 1 and
? =2 arerespectively the poverty gap (P1) and the poverty severity (P,) known as the squared
poverty gap. These two indexes capture respectively the degree to which mean income of the
poor differs from | and differences in income levels among the poor. Sen (1976) has

introduced an index taken into account the inequality within the poor subset. It is given by :

S? ? ? d ??7’%191% (16)

'7q’?17NI||91

We finally also consider the Gini index among the poor expressed as :

q q
G2 1N n? 7 1172137, (17)
' N |’?1J’71

where |, is the mean income of the subset of poor households.

We compute the values of these five indices for the two years considered together with their
relative variation ?. The data are presented in table 2 for a poverty line chosen to be
[l =061*.

Table 2: Values of different poverty indices and their relative variations.

Index w Po P1 ) S G

1986 0.136 0.24 0.085 0.045 0.214 0.118
1993 0.113 0.227 0.077 0.037 0.185 0.105
?? 0.172 0.051 0.096 0.177 0.134 0.113

Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)

In the previous section, we found a value of 0.179 for the relative variation of the

single parameter ? characterising our poverty score distributions. This value is close to the
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ones found for the Watts and P, = FGT(2) indicators. Insofar as the Sen and Gini indexes are
concerned, their relative variation is weaker than the one found for?s but of the same order.
However, as we may observe, the relative variation of the headcount ratio, ?Py is weak as
compared to the other indicators. For the case of France, for the two years considered, the
relative variation of poverty found through our model seems to be reliable when compared to
the other poverty indicators. The headcount ratio seems to be a qualitatively different measure
of poverty in the sense that its variations are rather different than the variation of other
indexes.

We findly study how the variation of these indexes varies with the value of the

poverty linel; =? 1*. We represent in figure 6 these variations as a function of ?.

Figure 6: Relative variation of the income based poverty indexes as a function of ?.
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Source : Authors calculations from French Surveys of Living Conditions, INSEE (1986,
1993-1994)

Note :The horizontal dotted line gives the value obtained for the relative variation of ?s upon
the same period.

The influence of the poverty line on the overall indexes values is weaker for the larger values
of ?. As it has been demonstrated above, valuesof ? greater than roughly 0.6 give the best
agreement with our poverty scores and seem to be more appropriate to obtain a reliable

measure of poverty.
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6. Conclusion

In this paper, we have tried to transpose analysis of personal income distribution to a
multivariate measurement of poverty. We have dealt with the possibility of extracting a law
from multidimensional scores of poverty analogous to the power law identified by Pareto
from income data. We then proposed a method based on fuzzy set approach in order to define
a poverty score lying between O and infinity. Using data from French Surveys of Living
Conditions, we found that the multidimensional poverty score is distributed according to an
exponential law for the quas-whole population for the two years considered. The main
property of this organisation type is that we can fully characterise the poverty of a sample
society by a single parameter. Indeed, the exponentia distribution is defined by a unique
vaue of ?s As a consequence, the evolution of poverty upon a chosen period is
straightforward. One just has to compare the different values obtained for ?. For the situation
of France, we have found a relative decrease in the mean poverty score of 17.9%.

The relationship between income-based measure of poverty and the multidimensional
poverty score has been carried out using rank correlation analysis. The estimated correlation
indices are quite low indicating that the multidimensional score brings different information
on poverty than income. As the correlation between the two approaches is sensitive to the
value of the poverty line, we have estimated the range of values that give the best agreement.
A value corresponding to 60% of median income seems to be the most appropriate to obtain a
reliable measure of poverty. In this case, except for the headcount ratio, the relative variations
of the most common indexes of poverty using income data at the two different points of time
considered are of the same order as the ones of the multidimensional score of poverty.

However, the promising results obtained suggest a need for further analysis on two
levels.

The first one is conceptua and concerns the selection of indicators defining the
multidimensional poverty score. The method proposed has only been performed using
information on the possession of durable goods and housing conditions, i.e, commodities. We
are aware of their rather limited significance in order to assess individual well-being
according to the capability approach. The method could easily be used to operationalize Sen’s
concepts. It could be applied on different vectors of functionings ranked by domain as health,
education, ability to enjoy leisure and the extent of social relations, etc. The identification of

particular distribution functionsrelative to a set of indicators may provide useful and efficient
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information for the implementation of socioeconomic policies to deal with the eradication of
poverty.

The second level of analysis is empirical. It suggests we examine the validity of the
exponential law of the multidimensional poverty score for the whole population in all
countries and at all times. As is the case for income, the application of the method proposed
using data from different countries may lead to other distributions of poverty score or display
possible breakdown in the distribution limiting the validity of the exponential law to a certain
range of poverty scores. The heterogeneity in the organisation of poverty in a given society or
across countries may reveal different subsets of population according to sociocultural and
ethnics factors. A study that we are carrying out at present using data from another country

seems to validate the method proposed and the conjectures evoked above.
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ANNEX : LIST OF DEPRIVATION NDICATORS CONSIDERED FOR EACH HOUSEHOLD USING
THE INSEE-FRENCH SURVEY S OF L1VING CONDITIONS.

? Televison: g

? Number of rooms in the accommodation : & is function of the ratio of number of
rooms per individual

? Telephone in the accommodation : ag

? Water in the accommodation : as

? Bathroom in the accommodation: as

? Toilets in the accommodation: as

? Kitchen in the accommodation: a;

? Owning awashing machine: ag

? Bad insulation: ag

? Humidity in the house: ajo

? Existence of bad smells: a1

?  Perception of the household situation according to the general aspect of the house: a;»

? Noise around the house: a3

? Owning acar: a4

? House owned or rented: a5

? Banking account cheques: ass

? Cut of eectricity, water and gas. ai7
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