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Abstract

This paper proposes a multidimensional capability deprivation index based
on a structural economic model (SEM) that explains the capability/deprivation
levels in different dimensions, accounting for their multidimensionality and
their "unobservable" (latent) nature. Under this framework, the freedom of
choice in each capability domain is represented by a latent variable, partially
observed through a group of indicators (achievements), and explained by a col-
lection of exogenous variables. The estimators of the different latent variables
(scores) provide a measure of the capability levels of the population observed in
each dimension. Single and multi-dimensional capability deprivation indices
are derived using these scores. The proposed indices are ordinal and fulfill a
set of desirable properties in the capability framework. The methodology is ap-
plied to analyse the deprivation situation of children in Bolivia in the knowledge
and living conditions domains.

Keywords: Capability Approach, Structural Equation Model (SEM), Poverty,
Education, Living Conditions, Bolivia.

JEL classification codes: C3, I21, I31, O54.
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1 Introduction

In recent decades the assessment of poverty 1 has shifted to a multidimensional
perspective to account for the many-sided nature of human deprivation. It is now
widely accepted that traditional income-based measures are not informative enough
to adequately target the most vulnerable groups, and alternative measures including
non income-based measures are necessary for improving the design and effective-
ness of anti-poverty policies.

This line of thinking has greatly been influenced by the Capability Approach 2.
By focusing on the real opportunities that people face (capability sets) this freedom-
based approach has opened the ground of a novel line of research on the space of
capabilities. Though, it is no doubt a more complete framework for poverty assess-
ment compared to approaches based only on achievements or resources or both, its
operationalization and practical applicability has been particularly challenging due
to its informational and methodological requests.

In addition, the appraisal of poverty in a multidimensional setting brings into
consideration several issues, among which the key issues are the selection of the
dimensions and their corresponding indicators, and the aggregation of indicators
within and across dimensions . Although both are equally important, the latter re-
quires more attention. This leads us to distinguish between the different ’levels’ of
multi-dimensionality considered in the study of poverty. We would like to stress two
of these that are key to our discussion levels the ’indicator’ level and the ’dimension’
level. While informative, the study of the many-dimensions of poverty without dif-
ferentiating between the two, might be restrictive. A more suitable level of analysis
would be one based on multiple dimensions and multiple indicators. At all levels
the choice of the aggregation method (statistical or axiomatic) is important due to
its influence on the selection of weights used to obtain the composite index, and the
relative importance of the various aspects reflected in the inherent dimensions.

This paper is a contribution along these directions. We propose a multidimen-
sional deprivation index based on an operationalization of the capability approach.
This measure, understood as a capability deprivation index, differs from earlier lit-
erature on multidimensional poverty assessment in the following: (i) it results from
an economic model that explains the different dimensions of poverty instead of
simply describing it, (ii) it measures poverty in the functioning-capability space,
(iii) it belongs to a class of multiple dimension(capability domains)-multiple indi-
cator(functionings) indices, (iv) it is an ordinal measure fulfilling a set of desirable
properties that represent value judgments and ethical principles in the capability
framework, (v) it combines statistical and axiomatic methods, at the indicator and
dimension levels respectively, for deriving an overall measure of deprivation. We

1Although poverty and deprivation are used interchangeably in this section, in the rest of the paper
the term deprivation is used to denote poverty in the capability space. This is discussed in detail in
Section 3.

2Among other approaches towards multi-dimensionality one can cite the Social Exclusion ap-
proach (Townsend, 1979; European-Foundation, 1995; Clert, 1999), and the Participatory Approach
(Chambers, 1994).
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apply it empirically to study the deprivation in the capability domains of knowledge
and living conditions for Bolivia’s children in 2002. Our results show that depriva-
tion in the single and bi-dimensional cases is more severe in rural areas than in ur-
ban and for males compared to females. The bi-dimensional index also shows that
deprivation increases as the the degree of substitution between both dimensions
decreases.

We begin the paper by discussing the different approaches to multi-dimensionality
in poverty assessment in Section 2. Section 3 then describes our operationalization
of the Capability Approach through a latent variable model and the estimation of
capability indices (factor scores). The study of poverty in the capability space is
presented in Section 4. This section first describes the notion of "deprivation" as-
sociated with capability poverty and then, proposes two axioms that relate this con-
cept to the economic model of section 3. These axioms are doubly important. They
provide the theoretical basis for (i) relying on scores as measures of the well-being
and deprivation levels of individuals, (ii) and for defining the individual deprivation
function required for the assessment of overall-deprivation. This is treated at the
end of the section where emphasis is given to the two levels of multidimensionality
addressed in this paper. The resulting measures are ordinal and consider aggrega-
tion within a capability domain (single dimension) and between different capability
sets (multiple dimensions). Section 5 implements these measures for studying the
deprivation in education and living conditions capabilities of Bolivia’s children in
2002. Non-parametric bootstrap samples are used to robustify the results of the val-
ues of the scores. Section 6 concludes.

2 Different approaches to multi-dimensionality

In the study of the many-dimensions of poverty one can distinguish between two
levels of multi-dimensionality: the ’indicator’ level and the ’dimension’ level. The
former, concerns the number of indicators used to summarize the information in
a given dimension. The latter, regards the number of dimensions included in the
study of poverty. In general their multiplicity leads to four combinations: single
dimension-single indicator, single dimension-multiple indicators, multiple dimensions-
single indicator, and multiple dimensions-multiple indicators (Figure 1). Single di-
mension poverty measures have extensively been used in economic poverty studies,
where, the emphasis lies on the income/consumption dimension of poverty, and on
the use of monetary indicators for its evaluation. The employment of multiple in-
dicators and multiple dimensions in poverty assessment conforms to the awakened
interest of practitioners in quantifying the many-sided nature of human deprivation
and this is precisely the direction that we have attempted to follow in this paper.
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Figure 1: Levels of Multi-dimensionality

Well-being/Poverty

Many dimensionsSingle dimension

Single indicator Multiple indicators Single indicator Multiple indicators

1

The appraisal of deprivation through synthetic measures involves several stages
going from the selection of dimensions and the corresponding indicators to data
normalization, weighting and aggregation (Nardo et.al (2005)). For the purpose of
this paper, we concentrate on the weighting and aggregation procedures. In any
empirical study, the selection of dimensions and indicators is generally dictated by
the availability of information unless of course one can conduct the survey oneself.
Normalization issues are usually limited to a simple empirical minmax method and
it is beyond the scope of this paper to compare different procedures in this connec-
tion.

The aggregation process in a multidimensional setting involves two steps at the
individual (household) level. The first step deals with aggregation of deprivation at
the ’indicator’ level. This aggregation is necessary because of the presence of multi-
ple indicators, which undoubtedly offer a more complete framework for the assess-
ment of poverty in a given dimension, but become overwhelming unless they are
adequately summarized. The resulting measure is some composite index of the in-
dicators in question for each dimension. The second step concerns the derivation
of an overall deprivation measure combining different dimensions3 . In this case,
the aggregation procedure will depend on the number of dimensions implicit in the
analysis, and on the desirable properties to be respected while carrying out their
aggregation. Regarding weighting methods, one can generally distinguish between
two types of multidimensional indices - composite indices with exogenous weights
and model- based indices with endogenous weights.

Typically composite indices are multidimensional aggregates using exogenous
weights like the Human Development Index (HDI). Model-based indices are those
with endogenous weights derived from an underlying underlying structure of causes
and interactions among variables. Table 1 summarizes the above groups.

Before discussing them in detail, it is important to note that model-based indices
are more often employed for summarizing information contained in the different
indicators within a dimension. Aggregation across dimensions is usually performed

3To deal with this issue researchers often allow for a degree of substitutability or complementarity
between dimensions. See for example Bourguignon and Chakravarty (1999, 2002, 2003), Tsui (2002)
and Maasoumi and Lugo (2008)
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using axiomatic criteria, although statistical procedures (model-based) may also be
theoretically applied. The preference for normative exogenous weights when com-
bining different dimensions derives from ethical considerations characterizing the
determination of the relative importance of different dimensions. From an ethical
point of view, the assignment of weights should rely on some normative principles
that the society would like to follow.

Table 1: Summary of Multidimensional Indices

For model based indices
Exogenous Simultaneous

Index Type of weight Causes relations
among latent

variables
Composite or crude measure Exogenous no no
Principal Components Endogenous no no

but no underlying model
Model-based

FA Endogenous no no
MIMIC Endogenous yes no

SEM Endogenous yes yes

2.1 Composite indices with exogenous weights

Such indices are characterized by the subjective nature of weighting and aggregat-
ing structures as it is the analyst or the user who decides on the weights of the
different components and the aggregation procedure. In other words, the aggre-
gation scheme and the weights are selected exogenously. The criteria used for the
choice of indicators are often based on the relevance and importance of the indi-
cator to the concept under study. The Human Development Index (HDI) developed
since 1990 by the United Nations Development Programme is a clear example of this
type of index. It follows a broad definition of human development and gives equal
weight (1/3) to three dimensions of human life -longevity, knowledge and decent
living standards; further these dimensions, expressed as normalized (0-1) indices,
are aggregated by a simple mean (UNDP, 1990). Other examples could be found in
Bandura(2006) who surveys 130 indices and Nardo et.al (2005) who examine the dif-
ferent stages in the construction of composite indices. It is important to notice that
composite indices lack an explanatory model, their theoretical framework relies ex-
clusively on the researcher’s assessment of the real-world phenomenon.

In addition to equal weighting schemes which produce simple averages, we also
find in the literature unequal exogenous weighting structures such as the multidi-
mensional human poverty index (Anand and Sen, 1997) where the weights are un-
equal but still decided unilaterally by the analyst. Typically they involve some pa-
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rameter whose value is often dictated by normative judgments. Notice that here we
refer to a multi-attribute (dimension) unequal weighting structure for a single indi-
vidual.

2.2 Model-based indices and principal components

Unlike composite indices, model-based indices are derived from an underlying the-
oretical model that offers an explanation for the inclusion of the variables compos-
ing the index as well as a theoretical justification for the choice and values of the
weights in the construction of the index. The idea behind these indices is that the
theoretical concept that we are trying to measure is not directly observed (is latent)
and that each (observed) indicator used to quantify it only partially reflects the the-
oretical phenomenon. These indicators are indeed taken to be manifestations of
various aspects of the unobserved phenomenon, and hence provide a good starting
point for its measurement, but none of them is sufficient in itself to get a complete
picture of it.

Factor analysis, MIMIC (multiple indicators and multiple causes) and structural
equation models (SEM) all fall into this line of reasoning Table1. Though princi-
pal components (PC) is not a latent variable model, we have also included it in this
section for two reasons. First it is widely used in empirical applications as an ’aggre-
gating’ technique and secondly the PC’s can be shown to be equivalent to the factor
scores under certain conditions (Krishnakumar, 2008).

The use of principal components (PC) or a combination of principal compo-
nents is a popular technique in the construction of multidimensional indices. One
of the earliest studies in this direction is Ram (1982) who first applies PC on three di-
mensions, namely life expectancy at age one, infant mortality and adult literacy, and
combines it with per capita GDP, again using PC, to form a composite index. Slottje
(1991) follows the same approach by selecting 20 attributes for 126 countries across
the world, calculating a PC-based index and comparing it with indices obtained us-
ing hedonic weighting procedures. This method, which is essentially a data reduc-
tion technique, dates back to Hotelling (1933) in the statistical literature with a wide
range of applications in numerous fields such as psychology, biology, anthropology
and more recently in economics and finance. The basic idea behind this method is
to determine orthogonal linear combinations of a set of observed indicators chosen
in such a way as to reproduce the original variance as closely as possible. But this
method lacks an underlying explanatory model which the factor analysis offers.

The FA model assumes that the observed variables (indicators) are different man-
ifestations of one or more underlying unobservable variables called factors. The
MIMIC model (cf. Joreskog and Goldberger, 1975) represents a step further in the
theoretical explanation of the phenomenon under investigation as it is not only be-
lieved that the observed variables are manifestations of a latent concept (or a few
latent concepts) but also that there are other exogenous variables that "cause" and
influence the latent factor(s). SEM extends this structure by introducing simultane-
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ity among the latent variables in the structural explanation4 . This structure is highly
relevant in our context as it provides us with a framework for operationalizing the ca-
pability approach, acknowledging its indirect measurement, and assessing poverty
in the capability space. It also offers an explanatory framework of the causes of ca-
pability poverty and interactions among its dimensions, which is fundamental for
understanding the phenomenon and for making policy decisions.

The use of non-statistical methods comprises scaling techniques and fuzzy sets
theory. The scaling of functionings consists in a projection of each variable onto a 01
range, which are further aggregated into a composite measure. The Human Devel-
opment Index and the Human Poverty Index (UNDP, 1997-2008) are the two major
examples of the employment of such techniques, and are widely accepted as the first
major operationalizations of the CA in the space of observed functionings. Follow-
ing the classification provided in Table1, we could classify them as two-level indices
belonging to the class of multiple dimensions-multiple indicators, with exogenous
weights (at both levels). The dimensions, in this case, correspond to observed func-
tionings and the indicators their corresponding measures. Fuzzy sets methodology
is a mathematical tool used to provide a summary measure of the "degree" of poverty
or well-being associated to the distribution of functionings under analysis. In this
case, poverty is not a zero or one concept but rather "a broad and opaque" one (Sen,
1992). Cerioli and Zani (1990) and Cheli and Lemmi (1995) have applied it to the
study of well-being measurement in general, while Chiappero-Martinetti (2000) and
Lelli (2000) to functionings in particular.

3 Operationalization of the Capability Approach through
Latent Variable Modelling

In this section we describe the main features characterizing the Capability approach
and its operationalization through a structural equation model (SEM). Our main
concern is the estimation of the latent variables or capability indices, in our case,
which provide a measure of the well-being status of individuals in the different ca-
pability domains. These are presented at the end of the section.

According to Sen (1985), (1992), (1993), (1999), the basic purpose of development
is to enlarge people’s choices so that they can lead the life they want to. This notion of
freedom is the essence of the Capability Approach (CA). Under this framework, the
choices that one has are termed "capabilities" and the levels of achievement in these
capability domains are called "functionings". Resources or entitlements (commodi-
ties and their characteristics) lack of an intrinsic value and are rather instrumen-
tal. In other words, functionings are the individual’s "beings" and "doings" resulting
from a given choice, capabilities are all the possible functionings that the individ-
ual can achieve, and resources are the means to achieve. The conjunction of these
three notions (capabilities, functionings and resources) leads to a conversion pro-
cess of resources to possible functionings which is individual-specific, influenced

4See e.g. Bollen (1989), Muthen (2002), and Skrondal and Rabe-Hesketh (2004) for a survey.
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by personal, social and cultural characteristics. Thus, in this approach, human de-
velopment is understood as the enhancement of the set of choices or capabilities
of individuals, and poverty corresponds to a notion of deprivation defined as the
individual’s inability to achieve "minimal" functionings.

Operationalization of the CA, assessing either well-being or the lack of it, has
been particularly challenging due to its informational and methodological require-
ments. Further, there is no common agreement about which dimensions ought to
be included, nor how they should be summarized. To make it operational, com-
posite indices have been constructed on the means of statistical and non-statistical
methods. Yet, the operationalization has mainly concerned the aggregation of func-
tionings and/or resources .

The employment of statistical methods in the area of human development and
well-being measurement have essentially been confined to the use of principal com-
ponents (Ram, 1982; Slottje, 1991; Klasen, 2000; Rahman, Mittelhammer and Wand-
schneider, 2005; Noorbaksh, 2003; McGillivray, 2005), and exploratory factor analy-
sis (Schokkaert and Van ootehgem, 2000; Balestrino and Sciclone, 2000; Lelli, 2000;
and Maasoumi and Nickelsburg, 1988). SEM have been used by very few authors
(Kuklys, 2005; Krishnakumar and Ballon, 2008) and have not been applied so far, to
our knowledge, in the field of capability deprivation measurement.

In this paper, we will concentrate on Structural Equation Models as they provide
a complete framework to take into account the interactions among the different ca-
pability dimensions, and the influence of the surrounding environment 5. In a SEM
framework, the (not directly observable) degree of freedom in the different dimen-
sions relevant for wellbeing and poverty assessment are represented by latent vari-
ables, partially observed through a set of indicators, and explained by a collection of
exogenous variables. The estimators of the latent variables provide a measure of the
individual’s capability status in the different dimensions. On the basis of these la-
tent variable scores we derive, in section 4, multidimensional capability deprivation
indices.
The SEM is formalized as follows 6:

ηi =α+Bηi +Γxi +ζi (1)

where ηi is a (m × 1) vector representing the unobserved capability of individual i
in each of the m domains; xi is a (k × 1) vector of k exogenous factors representing
the social, cultural and political environment; ζi is a (m ×1) vector representing the
unknown omitted factors in the explanation of η that are not explicitly modelled in
the equation (random errors); α, B,Γ are the corresponding coefficient vector and
matrices.

The observed indicators in the different capability domains can either be contin-
uous or qualitative variables. In order to be able to treat these two types in a uniform

5See Krishnakumar (2007) for further explanations regarding the adequacy of SEM in the opera-
tionalization of the CA.

6For a detailed formalization see Krishnakumar (2007) and Krishnakumar and Ballon (2008).
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way we introduce a response variable y * i which will be taken to be directly observed
in the case of a continuous indicator, and which will be latent and linked to the ob-
served variable through a qualitative response model in the case of qualitative data.
This gives the following measurement equations:

y∗i = ν +Ληi +D xi +εi , (2)

where y∗i is a (p ×1) vector representing the response variables of individual i ; xi is a
(s × 1) vector of s individual characteristics and preferences that have an impact on
the choice process transforming capabilities into functionings; εi is a (p × 1) vector
of random errors; ν,Λ, D are the corresponding coefficient vector and matrices. In
the case of a continuous observed indicator for individual i in dimension j denoted
as yi j , we have:

yi j = y ∗i j , (3)

when the observed indicator is of a qualitative nature, we write:

yi j =

¨
1 if y ∗i j >τj

0 otherwise
(4)

for a dichotomous indicator, and

yi j = c , if τj ,c < y ∗i j ≤τj ,c+1 (5)

for a categorical indicator.

It is further assumed that:

E (ζi ) = 0, E (εi ) = 0, (6)

V (ζi ) = E (ζi ζ
′
i ) =Ψ, (7)

V (εi ) = E (εi ε
′
i ) =Θ. (8)

Thus, the observations are centered without loss of generality, and the distur-
bances across individuals are assumed to be homoscedastic and nonautocorrelated.
These assumptions do not mean that the individual disturbances from two different
equations need to be uncorrelated nor that they have the same variance. Equations
(7) and (8) show that these are full matrices allowing for correlations between differ-
ent capability domains and for heteroscedastic variances.

On the basis of these stochastic assumptions, the above nonlinear model is es-
timated by minimizing the distance between the sample moments of the observed
variables and the corresponding theoretical moments expressed as a function of the
unknown parameters, by generalised method of moments (GMM)(see e.g. Browne,
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1984). An alternative estimation method is (conditional) maximum likelihood (cf.
e.g. Joreskog, 1973; Browne and Arminger, 1995; Muthen, 1984). In this case the
parameters are estimated under (conditional) normality of the indicator vector y *
given the exogenous variables x and its variance is corrected using the well-known
’sandwich’ formula under non-normality (quasi-maximum likelihood, cf. White,
1982; Gouriéroux, Monfort and Trognon, 1984).

Factor scores

Once the parameter estimates are obtained, the final step consists in the estimation
of the vector of latent variables for each individual i (factor scores), which is of pri-
mary interest to us, because these estimators quantify the degree of freedom in each
capability domain. Factor scores could be estimated by the Empirical Bayes esti-
mator or by maximizing the logarithm of their posterior distribution. Both methods
lead to similar results. Following the empirical Bayesian approach, which is a stan-
dard procedure suggested in the related literature (cf. Skrondal and Rabe-Hesketh,
2004), the latent factors are estimated by their posterior means given the sample, re-
placing the parameter values by their estimates. In the case of a linear SEM model,
with only continuous indicators, the empirical Bayes estimate of the factor scores
is7:

η̂i =
n�

I− ΣΛ
′ �
ΛΣΛ

′
+Θ

�−1
Λ
�

A−1α− �ΣΛ
′ �
ΛΣΛ

′
+Θ

�−1
ν
�o

+
n
ΣΛ

′ �
ΛΣΛ

′
+Θ

�−1 y∗i

o

+
n�

I − ΣΛ
′ �
ΛΣΛ

′
+ Θ

�−1
Λ
�

A−1Γxi −
�
ΣΛ

′ �
ΛΣΛ

′
+ Θ

�−1D xi
�o

(9)

where A = I−B, and Σ = (I−B)−1 Ψ (I−B)′−1. Equation (9) shows that the factor
score results from a combination of three terms: a ’net constant’ term, summarizing
the intercept effect α and ν, an ’indicator’ term reflecting the information contained
in y∗i , and a ’net causal’ term resuming the causal effect of the exogenous variables
xi of the measurement and structural equations. It is interesting to note that if we
write it as,

η̂i =K+W y∗i + W̃p xi (10)

where K, W, and W̃ are matrices of appropriate dimensions, we see that pre-multiplying
matrices of each term in equation (9) are the associated weights W and W̃ of the vec-
tor of indicators y∗i , and of the vector of (net) exogenous causes xi , respectively, and
K a constant.The above formula shows that, the capability set for a single individual

7See Krishnakumar and Nagar (2008) for details regarding the derivation.
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is represented by a composite measure that summarizes the information provided
by her achievement indicators and her personal, social and cultural environment
features, in an endogenous manner.

When the observed indicators are both continuous and qualitative the derivation
of factor scores becomes more complex and is carried out by iterative techniques
(Muthen, 1998-2004). However, it is interesting to note that only first and second or-
der (conditional) moments are necessary for obtaining factor scores. This is shown
by equation (11), which is equivalent to equation (9) except that it is written in mo-
ment terms, the expression is then:

η̂i =µi + ΣΛ
′
Σ∗−1�y∗i − µ∗i ) (11)

where

µi = E (ηi |xi ) = (I−B)−1 α+(I−B)−1 Γxi , (12)

Σ=V (ηi |xi ) = (I−B)−1Ψ (I−B)′−1 , (13)

are the mean vector and covariance matrix of the (multivariate normal) prior distri-
bution of ηi conditional on xi , and

µ∗i = E (y∗i |xi ) = ν + Λµi + D xi , (14)

Σ∗ =V (y∗i |xi ) =ΛΣΛ
′
+ Θ , (15)

are the conditional expectation and conditional variance of the (latent) response
variable y∗i , that links a qualitative indicator through a latent response model. Thus
from (11), we see that to estimate the latent variable vector (capability indices) one
only needs information on conditional means µi , µ∗i , and conditional variances Σ,
Σ∗.

4 Deprivation in the capability space

Formalization

This section formalizes the assessment of deprivation in the capability space using
the capability/freedom measures derived in the previous section. After some no-
tational definitions, we present two axioms that characterize the evaluative space of
capabilities as measured by factor scores in our model. On this basis we propose two
types of capability deprivation indices (CDI). One that performs aggregation within a
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capability domain (single dimension-multiple indicators), and a second that, in ad-
dition, combines capability sets across dimensions (multiple dimensions-multiple
indicators). Both types of indices are ordinal and satisfy a series of axioms repre-
senting ethical principals and value judgements.

Consider a population of i = 1, 2, . . . , n individuals whose degree of freedom (abil-
ity to choose) in any capability domain j = 1, 2, . . . ,m is represented by a continuous
variable ηi j (say the true factor score). We will state the definitions and axioms for
true measures of capabilities ηi j which have to be replaced in practice by their esti-
mates η̂i j from the previous section.

Let ηj = (η1j ,η2j , . . . ,ηn j ) denote the j -th capability vector drawn from the j -th
capability space E j =

⋃∞
n=1E n

j , where ηi j ∈ E j is some nondegenerate real interval
and E n

j is the set of all n-tuples of elements in E j . Further, assume that the individ-
ual capabilities are arranged in an ascending order such that η1j ≤ η2j ≤ · · · ≤ ηn j .
Next, let R(.) denote the rank function that maps theηj vector into the set of positive
integers. This is, R(.) : ηj 7→ Z+ = (1, 2, . . . , n ). For a given individual i ∈ n , his or-
dinal position in the distribution of capability scores is given by R(ηi j ) = ri j , where
ri j = p , p ∈ Z+ = (1,2, . . . ,n ). Let rj = (r1j , r2j , . . . , rn j ) be the resulting vector of in-
creasingly arranged individual ranks in the j -th dimension, with max(rj ) ≤ n and
min(rj ) = 1. For our purposes we set R(η1j ) = r1j = 1. This means that we assign a
rank of one to the worst off individual i.e., the one exhibiting the lowest score. Lastly,
for i 6= i ′ both ∈ n , ri j= ri

′
j whenever ηi j=ηi

′
j , or in other words, two different indi-

viduals exhibiting the same factor score are ranked equally. Note that the formaliza-
tion is written down in terms of the true factor scores η but in practice these will be
replaced by their estimates obtained as explained in the previous section.

We characterize the capability space by the following two axioms:

Axiom 1 (Monotonic freedom of choice) For a given capability domain j and for
any two individuals i and i ′ ∈Z+, i is better off than i ′⇔ηi j >ηi

′
j .

Axiom 2 (Ordinal freedom of choice) For a given capability domain j and for any
two individuals i and i ′ ∈Z+,

i is better off than i
′⇔ ri j > ri

′
j

i is as well as than i
′⇔ ri j = ri

′
j

where ri j and ri
′
j denote the ordinal positions of i and i ′ in the distribution of capa-

bility scores, respectively.

Thus the degree of freedom of an individual is represented by her factor score,
and her relative position in the whole population by her rank in the ordering of
the (capability) scores. Individual deprivation and interpersonal comparisons can
therefore be based on a mixture of cardinal and ordinal information regarding the
scores, with greater (score) values and higher ranks denoting greater well-being.
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On the basis of Axioms 1 and 2, and using an absolute notion of capability depri-
vation (Sen, 1983), we propose the following definition for identifying the deprived
individuals in a single capability domain.
Let ηd j and rd j denote the factor score and ordinal position of a ’fictitious’ deprived
individual who only has the capability to achieve a minimal set of functionings. Let
us denote this ’minimal’ capability as ηd j ∈ E j .
Weak definition of the deprived : For a given deprivation threshold ηd j ∈ E j and for
all ηj ∈ E j , the j -th capability deprived domain is S j (ηj ) = {i ∈ E j | ηi j < ηd j ⇒
ri j < rd j }, and the number of deprived individuals is qj (ηj ) = c a r d {S j }.
The preceding definition takes the deprivation threshold to be the score (and rank)
of a "fictitious" individual, denoted by the subscript(d). The term fictitious is used
to recall that it is the analyst who decides what the minimal level of functionings
that an individual should be able to achieve. According to this definition the set of
deprived individuals comprises all individuals whose factor score (and thus rank)
is smaller than the factor score (and rank) of the fictitious deprived individual. It
is worth noting that using a weak definition of the deprived avoids including the
fictitious deprived individual in the deprivation set, which by ’construction’ is the
deprivation threshold.

Deprivation within a capability set

The above definition of the poor and axioms (1) and (2) allow us to characterize in-
dividual deprivation, in a given capability domain, as an individual function:

d i j =

(
f (ηi j , ri j ;ηd j , rd j ) if i ∈S j

0 otherwise
(16)

where f is a continuous function decreasing with respect to ηi j and ri j , and increas-
ing with respect to ηd j and rd j . Note that f is not differentiable. Thus, from (16) we
see that the individual deprivation function d i j depends on cardinal (score) and or-
dinal (rank) information regarding the individual and the fictitious deprived status.
The total deprivation within a capability domain for the whole population can be
defined as follows:

For a given capability domain j and a deprivation threshold ηd j a measure of
aggregate capability deprivation, say a capability deprivation index, is a real-valued
function:

D j =G
�
ηj , rj , j = 1, ..., n ;ηd j , rd j

�
=G

�
d 1j , d 2j , . . . , d n j

�
: E j × Z+ → R+ (17)

where the function G has similar properties as f with respect to its arguments. Clearly
there are an infinite number of f and G functions that satisfy the above conditions.
In what follows, we propose some additional properties that the individual depri-
vation function f (·) and aggregate function G (·) should satisfy. These properties
represent value judgements and ethical principles in the capability space leading
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to restrictions on possible functional forms. Under these principles, the resulting
measure D j would be a distribution-sensitive measure allowing for interpersonal
comparisons. We shall call it a simple capability deprivation index. The term sim-
ple is used to mean the analysis of deprivation in a single capability domain with
multiple functioning indicators.

Desirable properties in the capability framework

Inspiring from the literature on economic poverty measurement we propose the fol-
lowing desirable properties for our CDI. These could be regarded as "basic" value
judgements that one would like to incorporate in any quantitative measure to be
used as a capability deprivation index.

Definitions

Change in non deprived scores : We say that η̃j ∈ E j is obtained from ηj ∈ E j by a
change in non deprived scores if η̃i j = ηi j∀i ∈ S j , and η̃i j 6= ηi j for some i /∈ S j . By
Axiom 2, this will lead to a change in the corresponding rank vector8, where r̃i j will
be different for all i /∈ S j whose ranks were above the rank of the individual whose
score has changed in the initial distribution.

Gain (loss) of freedom of choice9 : We say that η̃j ∈ E j is obtained from ηj ∈ E j

by a gain (loss) of freedom of choice if η̃i j > ηi j (η̃i j < ηi j for some i ∈ S j , and
η̃i j =ηi j for every other i ∈S j . By Axiom 2, it will translate into a better (worse) ordi-
nal position for the individual whose score has changed10 and the ranks will change
for all individuals whose ranks were above the rank of the individual whose score has
changed in the initial distribution.

Regressive (progressive) transfer : We say that η̃j ∈ E j is obtained from ηj ∈ E j by a
regressive (progressive) transfer if there exists a pair of individuals i and i ′, such that:
(1) ηi j < ηi

′
j , (2) η̃i

′
j − ηi

′
j > 0; ηi j − η̃i j > 0, (3) ηk j = η̃k j ∀k 6= i , i ′. Equiva-

lently, by Axiom 2 we could express these three conditions in terms of their ordinal
representations, say (1) ri j < ri

′
j (2) r̃i

′
j − ri

′
j > 0; ri j − r̃i j > 0

The first condition says that i is more deprived than i ′. The second condition says
that there is an increase in the freedom of choice of the less deprived individual (i ′)
and a decrease in the freedom of choice of the more deprived one (i ). The third con-
dition says that the freedom of choice of the remaining individuals does not change.
Regarding the ranks, it is clear that the rank of i ′ will increase and that of i will de-
crease but it is also easy to understand all the other ranks of individuals who were

8When estimates are used, the change should be “statistically significant" for the ranks to be dif-
ferent.

9This definition is equivalent to the simple increment (decrement) definition used by Zheng
(1997).

10Once again the gain(loss) of freedom should be “statistically significant" in case of estimates.
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above the initial rank of i will be different in the new distribution.
Now the properties:

Single-dimension Focus axiom. If η̃j ∈ E j is obtained from ηj ∈ E j by a change in
non deprived scores then D j = D̃ j . This means that the the deprivation measure de-
pends only on the scores of the deprived individuals.

Single-dimension Monotonicity axiom. If η̃j ∈ E j is obtained from ηj ∈ E j by a gain
(loss) of freedom of choice, then D j ≤ D̃ j (D j ≥ D̃ j ). This means that for a given de-
privation threshold, the degree of deprivation resulting from an improvement (wors-
ening) of an individual’s score cannot be greater (smaller).

Single-dimension Transfer axiom. If η̃j ∈ E j is obtained fromηj ∈ E j by a regressive
transfer among the deprived, then D j ≥ D̃ j . This means that whenever the scores of
two deprived individuals change, with the more deprived one ending with even less
ability to choose, the degree of deprivation should not decrease.

Relying on these properties, and recalling the lack of cardinal interpretation of
the scores, we propose the following characterizations of the individual deprivation
function in terms of the number of positions that an individual is away from the
threshold position (rank gap):

d i j =
�

rd j − ri j
�

(18)

The overall capability deprivation index (for a single dimension) can then be de-
fined as:

D j =
1

n

∑

i∈S j

�
d i j
� ·ωi j

=
1

n

∑

i∈S j

�
rd j − ri j

� ·ωi j (19)

with ωi j =
ηd j

ηi j
i.e. the rank gap is multiplied a ‘weight’ given by the inverse of the

relative distance of the individual score to the deprivation threshold. In other words,
the farther away the score of the individual from the threshold in relative terms (i.e.
the smaller the relative score), the bigger the weight, thus giving greater importance
to the more deprived.

Alternatively one could also define

d i j =
�

rd j − ri j
� ·ωi j (20)

incorporating the ‘weight’ directly into the individual deprivation measure and have
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D j =
1

n

∑

i∈S j

�
d i j
�

(21)

which will yield the same aggregate index.
It is easily seen that both ((18)) and ((20)) imply that d i j is decreasing with respect

to ri j and increasing with respect to rd j meaning greater deprivation whenever the
rank gap increases. If we include the weights, then in addition f becomes decreasing
with respect to ηi j and increasing with respect to ηd j thus satisfying the conditions
laid out earlier.

Regarding the aggregate deprivation within a capability domain, the functional
form of D j in (21) shows that the capability deprivation index is a sort of an aver-
age of the individual deprivation functions. We say "sort of" because the individual
weights used in its computation do not add up to 1, as is required for weighted av-
erages. This however is not necessarily a drawback of the index and is true for other
indices like the classical FGT class poverty indices. Our index gives the average num-
ber of ’weighted’ positions that an individual is away from the deprivation threshold.
This per capita interpretation seems quite reasonable as it allows to compare differ-
ent groups without any additional assumptions on the scale of measurement of the
scores. Indeed, any attempt of summarizing the information using the values of the
scores as such, and not using them as weights as in our case, needs at least an in-
terval scale of measurement for the scores, under which only means and differences
are allowed. If one is interested in performing other operations with scores, then a
ratio scale is needed (Stevens, 1946). For the moment, we do not assume that our
scores satisfy the above scales of measurement and only consider them as ordinal
(continuous) measures.

The above CDI satisfies the properties enumerated in the beginning of this sec-
tion and is thus sensitive to the distribution of scores among the deprived (see Ap-
pendix A for the proofs).

Deprivation across capability domains

Finally, if one is interested in summarizing the deprivation status of individuals in
several dimensions then, one need to aggregate deprivation measures across ca-
pability domains. One can also envisage a latent variable approach for this pur-
pose considering the capability measures (factor scores) in each dimension as im-
perfect measurements of the overall well-being, taken to be a (single) latent vari-
able. This will amount to performing a factor analysis using the (estimated) scores
in each dimension and will give us an estimate of the overall welfare (latent factor
score) along with the (endogenous) weights associated with the individual dimen-
sion scores. However, this may not a suitable method for combining information
on different dimensions as it does not enable the policy maker or the researcher to
include ’normative judgements’ on the relative importance of different dimensions
based on social and ethical principles. Therefore we turn to non model-based meth-
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ods for carrying out aggregation across dimensions (to be applied after using model
based methods for combining indicators within a dimension).

Studies by Tsui (2002), and Bourguignon and Chakravarty (2003) who have pro-
posed multidimensional poverty measures resulting from axiomatic criteria are par-
ticularly relevant in this context11. The Bourguignon and Chakravarty measures are
quite appealing in our case as their individual deprivation functions in a multidi-
mensional setting directly correspond to our (single dimension) deprivation indica-
tor based on our factor scores. However there is a fundamental difference between
their individual deprivation indicators and ours in that our single-dimension depri-
vation function is already a multi-indicator function (i.e. we have one more level of
aggregation within each dimension). They propose many functional forms in their
work, and we have chosen some of them for their interesting interpretations.
Thus we define our multi-dimensional deprivation index as follows, restricting our
formalization to the bi-dimensional case, as we are only concerned with two dimen-
sions in our application. Generalisation to more than two dimensions is not difficult.

ρ(ηi ,ηd ) =

¨
1 if ∃ j ε {1,2, . . . ,m } :ηi j <ηd j

0
(22)

According to (22) an individual is considered as deprived if her score is below the
deprivation threshold in at least one dimension. In terms of the poverty literature
language, this definition corresponds to the ’union’ approach. From an ethical point
of view, this seems more appropriate as no deprivation according to this index is
only possible if there are no deprived in any dimension. One could also consider an
’intersection’ approach where an individual is identified as deprived if she is unable
to achieve a minimal level of functionings in all the dimensions considered. On the
basis of the above definition of the deprived, we define the individual bidimensional
deprivation function :

δ(η1,η2;ηd ) = δ(ηi 1,ηi 2, i = 1, ..., n ;ηd 1,ηd 2) (23)

= I
n
Max[(rd 1− ri 1)ωi 1 ; 0] ; Max[(rd 2− ri 2)ωi 2 ; 0]

o

whereωi j =
ηd j

ηi j
is the relative individual weight as before, and I (u 1, u 2) is an increas-

ing, continuous (but not differentiable), and quasi-concave function with I (0,0) = 0.
Note that arguments in (23) are the individual deprivation functions in the single
dimensional case. Bourguignon and Chakravarty propose a CES functional form:

I =
n

a Max[(rd 1− ri 1)ωi 1 ; 0]θ +(1−a )Max[(rd 2− ri 2)ωi 2 ; 0]θ
oα/θ

(24)

where a ε [0, 1] is the dimensional weight, α= 0, 1, 2 denotes the aversion to capabil-
ity deprivation, and θ ≥ 1 is a parameter that accounts for the degree of substitution

11Information theory based multidimensional measures have also been proposed by Maasoumi
and Lugo (2008); however it will take us outside the scope of the paper to discuss them here.
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between dimensions. If θ = 1 we face perfect substitution, whereas if θ →∞we have
no substitutability (Leontief). The CES functional form has an additional parame-
ter α capturing the aversion to capability deprivation. Aggregating over the whole
population we get the bi-dimensional CDI:

BD =
1

n

∑

iεdeprived

�
a Max[(rd 1− ri 1)ωi 1 ; 0]θ +(1−a ) Max[(rd 2− ri 2)ωi 2 ; 0]θ

�α/θ
(25)

Bourguignon and Chakravarty show that this index satisfies strong focus, mul-
tidimensional transfer principle (MTP), and non-decreasing correlation increasing
switch (NDCIS). The strong focus axiom requires the bi-dimensional deprivation
measure to be independent from non-deprived scores. The MTP is a generaliza-
tion of the single-dimensional transfer principle previously mentioned to the case
of several dimensions. The NDCIS deals with the degree of substitution or comple-
mentarity of capability deprivation across dimensions.

5 Empirical Results

In this section we illustrate the use of the preceding measures to analyze the depri-
vation situation of Bolivia’s children in the capability domains of knowledge and liv-
ing conditions. The deprivation measures are applied to the estimated factor scores
of the latent variable model proposed by Krishnakumar and Ballon (2008). The data
used in this model corresponds to the 2002 MECOVI program, a National Household
Survey conducted by the National Statistical Institute of Bolivia, with the support of
the World Bank. The 2002 survey covers 5,952 households and 24,933 individuals
and contains information at the national and regional levels, on education, health,
migration, labor, income, household characteristics, and living conditions. The in-
formation of the MECOVI 2002 survey is complemented with information from the
National Institute of Statistics (INE) on social investment and school conditions at
the municipal level for data on some exogenous variables of our model. Our sample
comprises 5313 enrolled primary school children aged 7-14. Figure 2 presents path-
diagram of the econometric model used to operationalize the capability theory to
the Bolivian case.

As shown by the path-diagram, knowledge and living conditions capabilities,
represented by circles, are measured by three functioning indicators in each case.
The indicators for educational achievements include literacy, level of education, and
schooling for age (SAGE). The SAGE variable reflects the lag in a child’s schooling
with reference to a ’normal’ achievement rate (see, Psacharopoulos and Yand, 1991).
A score under 1 is considered as being below normal progress in the school system
because of late entry or dropping out and/or re-enrollment and the further away
it is below 1 the lower the performance of the child. Living conditions outcomes
are measured by the quality of basic services, and the quality of dwelling and hab-
itability conditions enjoyed by the household. These three indicators are measured
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by an ordered categorical variable with three categories indicating low, middle, and
high quality. The exogenous variables included in the structural and measurement
equations (1) and (2), respectively are split into supply and demand factors. These
are classified according to their influential role in the enhancement of capabilities,
and in the choice process. Thus, supply variables (number of schools, number of
classrooms, parental education, etc) are included in the structural equations, and
demand variables (age, gender, indigenous status, etc.) in the measurement equa-
tions. In the path-diagram these are represented on the left and right hand side,
respectively.
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Tables 9 and 10 of the appendix present the estimated parameters of the econo-
metric model described by the path-diagram. We will not discuss them in detail
here, as our main concern is the deprivation situation. The reader is referred to
Krishnakumar and Ballon (2008) for a detailed interpretation of the results. Briefly
speaking, we see that there is a positive simultaneous relationship between knowl-
edge and living conditions capabilities implying that they mutually enhance each
other. The structural equation results also show that parental education, and supply
variables of health and education access, along with, urban location have a positive
influence in the enhancement of both capability sets. Regarding the measurement
equations, we observe a positive loading for each of the capability domains on its
corresponding indicators. Among the exogenous variables included in these equa-
tions we see that being indigenous or poor has a negative effect on the achieved
functionings in both dimensions given the same capability level. The sibling struc-
ture and working status have a mixed and negative effects on educational achieve-
ments, respectively. Urban environment seems to favour better housing conditions.

Computing the CDI’s

On the basis of the estimated parameters and the estimated factor scores (obtained
as explained in section 3), we compute the capability deprivation indices presented
in section 4. We only look at 14-year old children as it is only or this age group that
one can talk of not being able to achieve a minimal functioning level. Our analy-
sis is carried out for 14-year-old children belonging to one of the following groups:
female/rural, female/urban, male/rural and male/urban. We only consider 14 year-
old children because it is only at this age that one can define an absolute criteria for
identifying the capability deprived in the knowledge domain as they are expected to
have finished primary education at this age. For these children, we fix the minimal
level of (threshold) educational functionings corresponding to the ‘fictitious’ child
at the threshold deprivation level as being literate (if we fix it as illiterate, we end up
with too few deprived)12, a SAGE (lag in schooling progress) value of 0.5 and with in-
complete primary education. The living conditions threshold is represented by the
same fictitious child living in a house with a ‘low’ quality of basic services, habit-
ability, and dwelling conditions. Along with these characteristics of the indicators,
we also need to fix the exogenous variables in our model for calculating the thresh-
old deprivation level. As these exogenous factors influence the choice process and
the capability set, we propose to fix them at their minimum or maximum observed
value depending on whether the associated coefficient is positive or negative (Ta-
bles 7 and 8 of the appendix). Thus the fictitious deprived child (representing the
threshold of deprivation) will be surrounded by the most unfavorable environment.
Table 2 presents the conditions characterizing the deprivation threshold.

Once the model is estimated, we compute the scores (representing the capabili-
ties) for all individuals in each dimension. In order to calculate the ranks of the in-

12The issue of where to fix the minimum level of achievement for the threshold is a crucial one as
the results are obviously sensitive to the value chosen; we will say more about this problem while
examining the results.
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Table 2: Deprivation thresholds
Sign of the Selected value
estimated

Exogenous variable coefficient

Father’s level of education + Min No education
Mother’s level of education + Min No education
Monthly per capita expenditure + Min 25 (Bs)

Number of siblings - Max 6
Number of siblings aged 7 to 14 - Max 6
Number of siblings aged 7 to 14 enrolled + Min 0
Male household head - Max Yes
Number of children - Max 6
Use of medical services + Min No
Number of schools + Min 1
Number of classrooms + Min 1
Working status - Max Yes

Indicators

Literate + Yes
Sage + 0.5
Level of education + Incomplete primary
Quality of basic services + Low
Quality of habitability conditions + Low
Quality of dwelling conditions + Low

dividuals in each of the domains, one needs to perform an additional test of the dif-
ference between any two scores being significant or not, to decide whether the two
individuals should be given the same rank or two different ranks. In formal terms,
the null hypothesis that we are interested in testing between any two individuals i
and k is:

H0 :ηi j −ηk j = 0 (26)

To make our rank derivations ‘robust’ to the estimated values of the scores, we
performed a nonparametric bootstrap simulation and obtained the score vectors
for 100 bootstrap samples drawn from the full sample of children aged 7 to 14. With
each of these 100 samples, we re-estimated the above econometric model and com-
puted the scores. Thus we have 100 score values per individual i in each dimension
j , η̂i j ,s ,s = 1, 2, . . . , 100 whose average was used as the capability measure of the in-
dividual in that particular domain. We have, by the Central Limit Theorem,

¯̂ηi j
a∼N

h
E (η̂i j );

V (η̂i j )
100

i
(27)

Under H0 the corresponding statistic, given by the estimated value of the expres-
sion in (26) is asymptotically normal, with mean zero and variance equal to twice
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the variance given in (27) as we assume that individuals are independent and the
moments of the distribution of latent factors are invariant over individuals. If H0 is
rejected, i and k will be assigned two different ranks.

Given that the factor scores are continuous latent variables, and because of their
implications on the well-being status of the individuals, our ranking algorithm based
on the above hypothesis testing procedure must be reluctant to accept the equal-
ity of two factor scores leading to identical rankings. That means that in our case,
the Type II error is more important than the Type I error, as assigning equal ranks
between two individuals implies that their well-being status is the same. Thus we
decided to minimize the Type II error by reducing the null hypothesis region of ac-
ceptance to a 5% interval.

The following tables report our capability deprivation indices for the four groups.
Panel A of Table 3 describes the within deprivation indices in the knowledge domain.
Comparing urban and rural groups, we see that the head count ratio (i.e. the propor-
tion of deprived children) is higher among the rural population, with a bigger differ-
ence among males compared to females. This means that 67% of rural females, 73%
of rural males, 47% of urban males, and 49% of urban females do not enjoy the ability
to achieve minimal functionings in knowledge capability. Regarding the the inten-
sity of deprivation given by our per capita deprivation (rank) gap (CDI), once again,
we see that it is higher in rural areas for both males and females, with a greater gap
difference among males (16 per capita positions compared to 9 in the female case).
We can therefore say that living in urban areas provides a bigger choice range and
more so for male children than the female ones.

In what follows we will be looking at some descriptive statistics regarding the
achievement indicators and exogenous variables of the deprived children in each
of these groups (see Tables 4, 5 and 6). Perhaps it is necessary to explain why it
is useful to look at these statistics. As mentioned earlier, the capability depriva-
tion threshold was calculated by fixing the achievements at at a ’minimal’ level and
the exogenous factors at their most unfavourable state. The resulting deprivation
threshold is an endogenous combination of all this information coming out of the
model. Then we determine the ’deprived’ children as those being below the thresh-
old thus derived. But this does not necessarily mean that they will all be below the
minimal/least favourable level in all the functionings and exogenous variables. That
is why we compute these descriptives to see which indicators/exogenous variables
seem to influence deprivation the most.

Looking at Table 4 presenting the distribution of ‘knowledge’ deprived children
among the three achievement indicators, we see that level of education is the most
constraining component with 98% of children exhibiting incomplete primary edu-
cation, in rural regions, and 96% in urban areas. 13 It is interesting to note that the
average value of SAGE for ’knowledge’ deprived children is between 0.6 and 0.7 units

13The Literacy column is not very informative as they are all literate, which is logical according to
the minimum we fixed for this indicator.
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i.e. above the level corresponding to the fictitious deprived child (0.5) though not
too far from it.

From Table 5 we find that parental education is low among ‘knowledge’ deprived
children, with high proportion of parents exhibiting incomplete primary (even though
the threshold taken was ’no education’ there are more in ’incomplete primary than
in ’no education’ except for the female urban group). This situation worsens in the
case of female children. Regarding other exogenous variables (see Table 6) we find
that the use of medical services is also low in all the four groups with values rang-
ing between 10 to 16% among rural and urban females, respectively, and 11% and
12% among their peer males. Finally, we see that working status is higher among
the rural groups. Though, the deprived children indeed face a disadvantageous mi-
lieu, it is less restrictive compared to that of our fictitious child. The above analysis
is also useful to identify the aspects that need the most attention for improving the
capability status of children in the knowledge domain.

Turning to living conditions capability, Panel B of Table 3, we note that the per-
centage of deprived individuals and the intensity of their deprivation are higher
among rural groups in this case too. However, the differences between females and
males by region are less important for both the head count and the CDI. The head
count ratio is between 2 to 6% in the female group and between 3 to 6% in the male
one. The per capita deprivation gap is around 1 position in each of the four groups.
Thus it seems that the situation is much better for living conditions than for knowl-
edge capability. However, the small values of these measures need to be interpreted
with caution as the threshold positions in both dimensions are not strictly compara-
ble. Recall that the fictitious deprived child in this case is one exhibiting low quality
in all the indicators relating to basic services, habitability and dwelling conditions,
which really depict the bare minimum and rather desperate conditions of living.

Our explanation for the low index values here is that the threshold itself being so
low the percentage of population below this level and the intensity of deprivation are
very small. We come back to our earlier remark about the sensitivity of the index to
the choice of the threshold level which is clear in this case. The values would be really
different (and much bigger) if we had chosen ’medium’ quality for the minimum
achievement level. It is our intention to explore this issue further in future work.

Our explanation is supported by the comparison between the two sets of de-
prived (’knowledge’ deprived and ’living conditions’ deprived) in terms of descrip-
tive statistics relating to exogenous variables (see Tabes 5 and 6). All the variables
such as parental education level, average monthly per capita expenditure, use of
medical services are much lower for the ’living conditions’ deprived.

Deprivation in the bi-dimensional space is reported in Table 7 for the male groups,
and in Table 8 for the female groups. The first column of both tables, labelled ’a’, is
the weight assigned to the living conditions dimension. The substitution param-
eter (θ ) ranges from perfect substitution (one) to no substitution (Leontief). The
alpha values correspond to the head count ratio (union approach, α = 0), the bi-
dimensional deprivation intensity per capita gap (α = 1), and the bi-dimensional
deprivation severity per capita gap (α = 2). Comparing urban and rural male chil-
dren (Table 7) we observe that for the three deprivation measures, the deprivation
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status of rural males is higher than that of urban males. The head count ratio is
higher by 21%, and the per capita intensity measure is between 12 to 16 positions
higher. Looking at the weights, we see that as the weight attached to living condi-
tions increases (from 0.3 to 0.8) the intensity and severity measures also increase. In
addition, we observe that as the degree of substitution decreases the intensity and
the severity measures increase for all weights. This is in accordance with the notions
of substitution and complementarity underlying the CES functional form. As θ in-
creases it becomes more difficult to compensate one dimensional deprivation with
another. This is related to the ’nature’ of the dimensions: whenever they reflect very
different aspects of life, it seems reasonable to assume low degree of substitution. In
our analysis we have considered a range of possibilities (one to Leontief) although,
we think that no substitution (Leontief) is more reasonable to assume in the case of
living conditions and education. The results for female groups (Table 8) show a sim-
ilar pattern regarding the proportion of deprived, and the bi-dimensional intensity
and severity measures, for all weights. However, the differences between rural and
urban female groups are much smaller compared to males. This is also true for the
no substitution case. We see that these measures increase as the degree of substi-
tution decreases. As in the single dimensional case we evidence that living in urban
areas has an enhancing effect on the choice set of male children.
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Table 3: Education CDI (panel A) and Living Conditions CDI (panel B)

Panel A Female Male
Urban Rural Urban Rural

Group size (Rmax) 178 129 195 125
Deprivation Threshold (rank) 88 83 92 89

Headcount Ratio 49% 67% 47% 73%
Deprivation Gap* 4871 4623 5307 5412

Per capita Deprivation Gap** 27 36 27 43
(number of positions)

Panel B Female Male
Urban Rural Urban Rural

Group size (Rmax) 178 129 195 125
Deprivation Threshold (rank) 4 9 6 7

Headcount Ratio 2% 6% 3% 6%
Deprivation Gap* 7.1 35.12 19.2 19

Per capita Deprivation Gap** 0.04 0.27 0.10 0.15
(number of positions)

* Value of CDI before diving by n
** CDI value

Table 4: Distribution of functioning indicators among the deprived children

Female Rural
Level of education

Literate Sage None Incomplete Complete
(average) primary primary

96% 0.61 2% 98% 0%

Female Urban

99% 0.72 4% 96% 0%

Male Rural

100% 0.68 2% 98% 0%

Male Urban

99% 0.74 4% 96% 0%
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Table 5: Distribution of parental level of education among the deprived children in
Education (Panel A) and in Living Conditions (PanelB)

Panel A
None Incomplete Complete Incomplete Complete Higher

primary primary secondary secondary
Female rural

Father’s 26% 62% 6% 5% 1% 0%
Mother’s 44% 52% 1% 2% 0% 0%

Female urban
Father’s 37% 34% 8% 10% 2% 9%
Mother’s 35% 41% 7% 10% 4% 3%

Male rural
Father’s 27% 56% 6% 8% 2% 1%
Mother’s 45% 48% 6% 1% 0% 0%

Male Urban
Father’s 27% 43% 5% 12% 5% 7%
Mother’s 27% 55% 3% 8% 2% 4%

Panel B
None Incomplete Complete Incomplete Complete Higher

primary primary secondary secondary
Female rural

Father’s 67% 33% 0% 0% 0% 0%
Mother’s 100% 0% 0% 0% 0% 0%

Female urban
Father’s 50% 50% 0% 0% 0% 0%
Mother’s 50% 25% 25% 0% 0% 0%

Male rural
Father’s 60% 40% 0% 0% 0% 0%
Mother’s 80% 20% 0% 0% 0% 0%

Male Urban
Father’s 33% 50% 0% 17% 0% 0%
Mother’s 17% 83% 0% 0% 0% 0%
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Table 6: Distribution of exogenous variables among the deprived children children
in Education (Panel A) and in Living Conditions (PanelB)

Use of Average Average % of Agricultural Working
medical % social monthly p.c. population status
services investment expenditure (Bs) (in child’s district) (yes)

Panel A
Female rural

16% 65% 16.45 55% 34%

Female urban
10% 71% 30.53 22% 28%

Male rural
11% 58% 16.20 56% 53%

Male Urban
12% 67% 28.77 21% 21%

Panel B

Female rural
16% 63% 14.89 47% 33%

Female urban
18% 79% 11.79 31% 75%

Male rural
0% 62% 5.15 54% 60%

Male Urban
40% 59% 15.57 11% 50%
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6 Conclusions

In this paper we propose a capability deprivation index that is based on scores de-
rived from a structural economic model explaining the different capabilities using
exogenous (social, economic, institutional) causes. We specify the freedom of choice
given by any capability set as a latent variable partially observed through a vector of
functioning indicators, and influenced by a collection of exogenous variables. Thus,
our model measures deprivation in the functioning-capability space. The estimator
of the latent variable vector, or factor scores, provides us with a measure of the well-
being status of the individuals in the different dimensions. We propose an index
that only uses the ordinal information (ranks) for defining the deprivation status in-
cluding the quantitative information for defining weights. We distinguish two types
of indices, one regarding deprivation within a capability set, and one considering
aggregation across capability sets. That is, our index belongs to a class of multiple
dimension(capabilities)- multiple indicator(functionings) indices. Both types of in-
dices fulfill a set of desirable properties in the capability framework.

We applied our indices to analyze capability deprivation in the knowledge and
living conditions of Bolivia’s children in 2002. We differentiated four groups accord-
ing to their gender and urban/rural location. Looking at individual dimensions, we
find urban environment seems to enhance the choice set and more so for males in
the knowledge dimension. The situation is similar for the living conditions domain
though the difference between males and females is much less pronounced.

The bi-dimensional measures show the importance of living conditions in the
overall deprivation as the deprivation measures tend to increase when their associ-
ated weight increases. They are also sensitive to the degree of substitution between
dimensions, showing greater values, as the degree of substitution decreases. Finally,
from the policy angle, it is interesting to note the role played by the exogenous vari-
ables in the CDI. The supply and demand factors, especially parental education,
and the use of health services, largely account for how individuals turn out to be
deprived. This highlights their importance as policy instruments for targeting the
most deprived.

An important issue which needs to be explored and which we have not done in
this paper is the choice of the minimum levels of achievement for determining the
deprivation threshold, as we have used absolute criteria for identifying the deprived.
It is clear that the results are sensitive to the criteria, and in order to make ‘robust’
conclusions, further investigations are needed.
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