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1. Introduction

Traditional income-based measures of poverty have been extended along two
major directions: the broadening of the measures to incorporate a wider set of
dimensions that jointly give a more accurate representation of welfare; and the
lengthening of the measures to incorporate information that spans over several
periods of observations. Extensions along the first direction, largely influenced by
the writings of Sen (1985) and the popularity of the Human Development Index,
focus on the multidimensional aspect of poverty: this is usually based on the
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individual�s lack of access to a set of dimensions that include both market and
non-market goods. Following Sen (1976)�s axiomatic approach to poverty mea-
surement, there have been numerous axiomatic approaches to multidimensional
poverty—examples include Tsui (2002), Atkinson (2003), Bourguignon and
Chakravarty (2003), and Alkire and Foster (2011a) [henceforth AF].1

Extensions along the second direction consider the time aspect where
repeated observations of deprivation are treated differently to cases where depri-
vation is infrequent. This is motivated by the need for differentiating chronic pov-
erty from transient poverty: long spells of poverty may lead to social exclusion
from which recovery may be very difficult; see, for example, Walker (1995). Exam-
ples of extensions to (income-based) poverty measures based on such a view
include Foster (2009), Calvo and Dercon (2009), Hojman and Kast (2009),
Duclos et al. (2010), Hoy and Zheng (2011), Bossert et al. (2012), Gradin et al.
(2012) and Foster and Santos (2013).

Despite the usefulness provided by extensions along both directions, the liter-
ature has largely considered both extensions independent of each other, retaining
either the unidimensional or static property of traditional measures. While still
relatively rare, the increasing availability of nationally representative household
and individual level longitudinal data on a wide range of dimensions of depriva-
tion has prompted the question of how best to jointly make use of both extensions
when making poverty assessments. Papers that have attempted to do so include
Nicholas and Ray (2012), Bossert et al. (2014) and Alkire et al. (2014).2

While static poverty measures allow us to observe how aggregate level pov-
erty changes over time (by calculating a poverty score for each period of observa-
tion), it is never clear if it is the same individuals who are becoming more (or less)
deprived. A multidimensional measure of poverty that is sensitive to the length of
deprivation would be able to account not only for whether the same individuals
are getting more deprived over time, but also whether they are doing so in the
same dimensions. This is particularly useful when the main intent of the policy
maker is comparisons across groups of individuals over certain periods of time.

The principal motivation of this paper is to contribute to the relatively scant
literature on time-dependent multidimensional measures of poverty by construc-
tion a measure that is:

(C1) sensitive to the distribution of deprivations across individuals, even
when deprivations are only measured in an ordinal manner.
(C2) sensitive to the distribution of deprivations within individuals, thus allo-
cating different weights to individuals with different distributions of depriva-
tions across time and dimensions despite each individual having the same
count of deprivations. Specifically, a higher weight is allotted to individuals

1See, also, Chakravarty and D�Ambrosio (2006), Bossert et al. (2007), Jayaraj and Subramanian
(2010) and Permanyer (2014) for closely related work on the measurement of multidimensional depri-
vation. In contrast to measures such as the Human Development Index and Human Poverty Index,
the class of subgroup decomposable measures aggregate first over dimensions for each individual prior
to aggregating over individuals—Dutta et al. (2003) highlight the advantages of doing so.

2See also Merz and Rathzen (2014) where the time element is introduced into multidimensional
poverty measurement by proposing a measure that “quantifies the shortest path to escape multidimen-
sional poverty” Merz and Rathzen (2014, p. 555).
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who experience deprivations across multiple dimensions within the same
period (“dimensional convexity”), as well as to individuals who experience
deprivations across multiple periods within the same dimension (“duration
convexity”).
(C3) decomposable into three components, notably, the component of pov-
erty due to the count of deprivations; the component of poverty due to
allowing for dimensional convexity; and the component of poverty due to
allowing for duration convexity.

We provide an example to help elucidate these contributions in the next
subsection.

It is important to note that, while desirable, the literature has shied away
from measures satisfying the properties above due to the desirability of dimen-
sional decomposability, a property where the contribution of each dimension to
overall poverty can be additively decomposed. This is violated when poverty is a
non-linear function of the count of dimensions of deprivation. We overcome this
problem by applying the Shapley decomposition proposed in Shorrocks (2013,
based on Shapley, 1953) specifically adapted to suit our proposed measure. To the
best of our knowledge this method has not been applied to dimensional decompo-
sition with the exception of Datt (2013) who has applied the technique to the
static multidimensional case. In being able to differentiate between “dimensional
convexity” and “duration convexity” the proposed measure also has the advant-
age of allotting different weights to both features and, consequently, is also able
to provide a test of the robustness of a ranking of subgroups (such as provinces
within the country) to assumptions about the trade-off between the two features.

We apply the proposed time-dependent multidimensional poverty measure to
longitudinal data from China (2000–11). China is particularly useful to illustrate
the application of our measure since while it is now well accepted that China has
seen one of the largest poverty reductions over the past few decades, questions of
how these differ across provinces and different subgroups is less established.
While traditional static measures such as AF are well suited for characterizing
changes in poverty over time for one specific group, they are less-suited for com-
parisons across groups, since different groups may improve or decline at different
periods of time. To our knowledge, this is the first attempt at analyzing poverty in
China on longitudinal data using a time-dependent multidimensional poverty
measure.

As Lahoti et al. (2015) report, the reduction in Chinese poverty has been so
dramatic that the headcount rate of world poverty alters sharply depending on
the inclusion or exclusion of China from the calculations. Consequently, consider-
able attention has been paid by economists to studying poverty in China—see, for
example, Bardhan (2010, Ch. 7), and the chapter by Park and Wang (2014) in the
recent volume on China edited by Fan et al. (2014). Thanks to the increasing
availability of data, there has been in recent years a significant literature on multi-
dimensional poverty in China. Examples include Labar and Bresson (2011), Mis-
hra and Ray (2012), Ray and Sinha (2015) who perform a static analysis of
multidimensional poverty in China using the measure due to AF while You et al.
(2014) examine the intertemporal aspect of multidimensional poverty using the
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measure due to Dutta et al. (2003). The present study contributes to this recent
literature by providing the first time-dependent analysis of multidimensional pov-
erty in China. We provide a ranking of subgroups according to provinces, gender
and rural/urban residency, as well as a ranking of dimensional contributions. In
addition, these rankings are assessed for robustness to the choice of the weight
allotted to dimensional versus duration convexity.

1.1. Examples for Contributions

While straightforward in its interpretation and implementation, the popular
“counting” approach to poverty measurement faces several limitations when
attempting to fully utilize the wealth of information over multiple dimensions and
periods contained in panel data. Consider below the deprivation profiles Dn of
three individuals, A; B and C. Each entry in the profile takes a value of 1 if an
individual n 2 A; B; Cf g is deprived in a particular dimension j 2 1; 2; 3f g at
time t 2 1; 2; 3f g, and a value of 0 otherwise. The rows represent the dimensions j
and the columns, the periods t.

DA5

1 0 0

0 1 0

0 0 1

0
BB@

1
CCA DB5

1 0 0

1 0 0

1 0 0

0
BB@

1
CCA DC 5

1 1 1

0 0 0

0 0 0

0
BB@

1
CCA

Consider a counting measure of poverty where deprivation is measured simply as
the average count of deprivations. If we treat all three dimensions and time peri-
ods as equally valued and treat all three individuals as poor, then such a measure
would score all three individuals as equally deprived. Such a measure would
therefore be insensitive to: (i) the distribution of deprivations across the profiles;
and (ii) the distribution of deprivations within the profiles.

We examine each of our proposed contributions in the context of the
example:

C1 (sensitivity to between-individual rearrangement):
Existing approaches are insensitive to “rearrangements” across the depriva-

tion profiles. If the deprivation of individual A at j52; t52 is switched with the
equivalent for individual B, individual A would now have two counts of depriva-
tions, and individual B would have four. While deprivation is now more concen-
trated in individual B, a poverty score that simply takes the average count of
deprivations would remain the same. This insensitivity to the distribution of dep-
rivations across individuals is relaxed to a lesser extent in AF�s static measure
through the use of the a parameter, which at a > 1 gives increasing sensitivity to
transfers across individuals, where “transfers” exclude rearrangements of the
entries as just described. In addition, such sensitivity only arises when depriva-
tions are cardinal.3 Sensitivity to rearrangement, however, can be achieved by the
exponentiation of each individual�s deprivation count ratio by some parameter,

3In the context of panel data over multiple periods and multiple dimensions, Alkire et al. (2014)
consider an approach where an additional cut-off (triple cut-off) is adopted to increase the sensitivity
of the poverty measure to unequal distributions. We discuss this in more detail in Footnote 4.
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which would be analogous to the a > 1 parameter of the original Foster et al.
(1984) measure. The reluctance to do so in the multidimensional literature has
stemmed primarily from the desirability of dimensional decomposability, that is,
the ability to identify the proportion of contribution of each dimension to the
total poverty score, which is in principle violated when individual deprivation
scores are not a linear function of the count of deprivations (for a discussion, see
Alkire and Foster, 2016). We are able to overcome this through the use of the gen-
eral Shapley decomposition method proposed in Shorrocks (2013), which,
broadly, allows any output (in our case, the poverty index) to be allocated among
the contributors (in our case, the dimensions of deprivation), even if the output is
a non-linear function of the contributions.

C2 (sensitivity to within-individual rearrangement):
While the exponentiation of each individual�s deprivation count ratio would

make the poverty measure sensitive to the distribution of deprivations across indi-
viduals, the measure would continue to rank all three individuals A; B and C as
equally deprived since it is not sensitive to the distribution within individuals.

The lack of such differentiation is problematic in many applications. Stiglitz
et al. (2009), for example, highlight that “the consequences for quality of life of
having multiple disadvantages [across different domains] far exceed the sum of
their individual effects” (Stiglitz et al., 2009, p. 15). The importance of recogniz-
ing the increasing cost of multiple deprivation (for any given period) is discussed
in detail in Datt (2013). This is captured by the property “dimensional convexity,”
which scores individual B as more deprived than individual A.

There is also an underlying belief that recurring deprivations within the same
dimension incur an increasing cost on the individual (see Sengupta, 2009; Hoy and
Zheng, 2011, and Gradin et al., 2012). This is captured by the property “duration
convexity,” which scores individual C as more deprived than individual A.

C3 (within profile decomposability):
While in many applications individuals B and C should be ranked as more

deprived than individual A, it is not clear if individual B should be ranked as
more, less or equally deprived as individual C. Our proposed measure allows one
to weight the component due to dimensional convexity and duration convexity
differently according to the analyst�s priors, while simultaneously ensuring that
individuals B and C are never ranked as less deprived than individual A. In doing
so, the proposed measure becomes decomposable into three components, notably
the component of poverty due to: the count of deprivations; dimensional convex-
ity; and duration convexity.

Overall, our measure allows for a deeper look into the “black box” of the
aggregate poverty score and allows us to differentiate subgroups that may have
similar counts of deprivation, but a very different distribution of said depriva-
tions. This allows us to identify subgroups of the population that contain indi-
viduals who not only have the most counts of deprivations, but who also
experience them across the widest variety of dimensions in any given period,
and/or who also experience them for the most periods in any given dimension.
This also allows us, when doing dimensional decomposition, to allot more
weight not only to dimensions which have longer average durations, but also to
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dimensions that occur within individuals who simultaneously suffer from the
widest variety of deprivation.

The rest of the paper is organized as follows. Section 2 presents the analytical
framework. Section 3 discusses the Shapley decomposition technique. Section 4
describes the dataset used for illustration of the proposed measures. The results
from our empirical application are presented in Section 5. Conclusions are drawn
in Section 6.

2. Analytical Framework

2.1. Notation

Consider a population of N individuals, J different dimensions of depriva-
tion and T equally-spaced periods of time. xnjt is individual n 2 1; 2; . . . ;Nf g�s
achievement in dimension j 2 1; 2; . . . ; Jf g at time t 2 1; 2; . . . ;Tf g. Each n can be

said to have an individual achievement profile An5

xn11 . . . xn1T

: . . . :

xnJ1 . . . xnJT

0
BB@

1
CCA. The popu-

lation achievement profile is a vector q5 A1ð , . . ., ANÞ. Define the identification
vector m5 c1; . . . ; cNð Þ where cn takes the value 1 if the individual is considered
poor, and 0 otherwise. We return to the issue of whom to consider poor at the end
of this section. A poverty index is a function g q; mð Þ that produces a single non-
negative real number for any observed vector q and appropriately defined vector
m.

We say that n is deprived in dimension j at time t when xnjt < Fj , where Fj is a
deprivation cut-off that determines whether or not an individual is considered
deprived in a particular dimension at a particular time and F the vector of such
cut-offs. For example, in the dimension “health,” x may be the individual�s Body
Mass Index, in which case Fhealth would be some threshold below which the indi-
vidual would be considered underweight and therefore deprived in the health
dimension. For brevity, we assume these cut-offs do not vary across time, though
the methodology allows for such an extension.

It is common for q to be transformed into the population deprivation
profile d5 D1ð , . . ., DNÞ where Dn is the individual deprivation profile, a J3T
matrix where each element of An is transformed into deprivations defined as
follows:

da
njt5

12
xnjt

Fj

� �a

if xnjt < Fj

0 otherwise

8j; t

8><
>:(1)

where a � 0 is a sensitivity parameter. When achievement levels are ordinal in at
least one dimension, it is common to restrict a50 such that da

njt 2 0; 1f g8 j; t:
The function h : Dn ! R1 produces a deprivation score sn for each individ-

ual. Following Bourguignon and Chakravarty (2003), AF, and the majority of
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axiom-based multidimensional measures, we restrict ourselves to the class of sub-
group decomposable measures of the form:

m q; mð Þ5 1
N

XN

n51

h Dnð Þ3cn½ �(2)

Our key contribution is therefore with regards to the form of h Dnð Þ that yields
contributions C1, C2 and C3.

Following the “dual cut-off” method of the AF class of poverty measures,
the poverty indicator function cn takes the form:

cn5
1 if

XT

t51

XJ

j51

d0
njt � z

0 otherwise

8>><
>>:(3)

where J3Tð Þ � z � 1. At z51 we have the equivalent of the union method of
identification, and at z5 J3Tð Þ, the intersection method. Notice however, that
unlike the AF method, deprivations are counted both across dimensions and
time. This opens up the possibility of identifying the poor using an additional
cut-off.4 Clearly the choice of who to consider poor will affect the final poverty
score. Yalonetzky (2014) for example, shows that in the static multidimensional
case (e.g. AF), the idea of robustness to changes in parameter choices becomes
exponentially demanding and unlikely to be satisfied when there are more than
two dimensions. However, since the contribution of our proposed measure is the
expansion of ways in which to quantify the depth of poverty among the poor
h Dnð Þ½ �, rather than whom to consider poor cnð Þ, we define our axioms independ-

ent of identification choices. For ease of exposition, the union method of identifi-
cation is adopted in both the examples and empirical application. In the case of
multidimensional measures, the union method of identification also has the added
advantage of satisfying the strong transfer axiom (see for example, Datt, 2013).

2.2. Dimensional and Durational Convexity—contribution C2

Recall the three individuals from the introduction. Differentiating between
them requires that the poverty measure assigns an increasingly higher weight to
deprivations that share either the same period or the same dimension. This yields
two properties that can be stated formally as follows:5

4Our measure can be extended to include the “triple cut-off” found in Alkire et al. (2014), though in this
application we focus on properties associated with the more familiar dual cut-off framework of AF. An alter-
native approach in the static multidimensional framework can be found in Permanyer (2014); there the
“Strong Focus” axiom maintained in the multidimensional poverty measurement literature is relaxed, allow-
ing the welfare of non-poor households to enter the poverty measure. In Permanyer and Riffe (2015) the dual
cut-off approach is generalised to allow the poverty cut-off to be defined by different combinations of
dimensions.

5The following axioms are defined over deprivations, rather than achievements. The use of da
njt as

the primitive in these axioms imply that equation (1) is not the only form of da
njt that satisfies Axioms 1

and 2. The literature has, for consistency, typically used the specification in equation (1). More impor-
tantly however, the conversion of achievements to deprivations is typically a function of data availabil-
ity. In principle, achievements in every dimension are cardinal but in practice, are ordinal due to lack

754

Review of Income and Wealth, Series 65, Number 1, March 2019

© 2017   International Association for Research in Income and Wealth



Let the m 2 1 . . . Mf g where M is the number of poor individuals in the
population.

Axiom 1: (Dimensional Convexity)

@2g
@da

mjt@da
mj0t

> 0 8 j0 6¼ j

The effect of an increase in any of an individual�s deprivation on the aggre-
gate poverty score is a strictly positive function of the deprivations in other dimen-
sions that share the same period as the deprivation in question.

Axiom 2: (Durational Convexity)

@2g
@da

mjt@da
mjt0

> 0 8 t0 6¼ t

The effect of an increase in any of an individual�s deprivation on the aggre-
gate poverty score is a strictly positive function of the deprivations in other peri-
ods that share the same dimension as the deprivation in question.

Notice that in the three person example, we have suggested that B and C
are more deprived than A, but it is unclear if B is equally or more deprived than
C, or vice versa. We may, for example, consider C to be more deprived than B
from a simple policy perspective: C�s long-lasting deprivation in a specific
dimension can be targeted for future poverty reduction and should therefore be
given more weight. One may instead take the opposite stance and suggest that
while B�s poverty was relatively more transient than C, it was “broader” at the
time it occurred and may reflect a vulnerability to shocks. We seek a measure
that allows the analyst such flexibility in deciding how important dimensional
convexity should be relative to durational convexity. In addition, even in situa-
tions where the choice of whom to weight more heavily is not clear, our measure
provides a means of checking for robustness by considering the entire range of
such trade-offs.

Any super additive form for h Dnð Þ will satisfy both axioms. However, we
also require that h Dnð Þ differentiates between the effects of dimensional convex-
ity versus durational convexity on the aggregate poverty score. Our poverty mea-
sure therefore consists of two delineated components, the first of which only
satisfies dimensional convexity, and the second of which only satisfies durational
convexity.

Consider then the following measure of poverty that satisfies only dimen-
sional convexity:

of data. Defining the axioms over the deprivations therefore describe properties that hold regardless of
whether the actual data is cardinal or ordinal, and allow the properties to be stated in terms of strict
convexity.
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Xdimension5
1
N

XN

n51

1
T

XT

t51

1
J

XJ

j51

dnjt

 !b
0
@

1
A3cn(4)

Notice that Xdimension is a modification of the AF index—instead of using a raised
over each dnjt, b is raised over the average count of deprivation over dimensions,
thus allowing dimensional convexity as is done in Chakravarty and D�Ambrosio
(2006), Jayaraj and Subramaniam (2010) and Datt (2013). The measure Xdimension

is then simply a modified AF index calculated for each period separately, and
then averaged over these periods. Because it is only averaged over periods it fails
to satisfy durational convexity, just as we had required.

Similarly, the following measure satisfies only durational convexity:

Xduration5
1
N

XN

n51

1
J

XJ

j51

1
T

XT

t51

dnjt

 !b
0
@

1
A3cn(5)

Xduration is a modification of the individual-level Foster (2009) chronic measure,
and a special case of the more general Gradin et al. (2012) measure.6 The measure
Xduration is calculated for each dimension, and then averaged over the dimensions,
thus failing to satisfy dimensional convexity.

The final poverty measure is then a convex combination of both measures:

X5
1
N

XN

n51

d
1
T

XT

t51

1
J

XJ

j51

dnjt

 !b

1 12dð Þ 1
J

XJ

j51

1
T

XT

t51

dnjt

 !b
0
@

1
A3cn(6)

where 1 � d � 0 and b > 0. Setting b > 1 and d > 0 ensures dimensional convexity
while b > 1 and d < 1 ensures durational convexity. At b51 the measure collapses
into a simple double-sum of the count of deprivations. b is analogous to the FGT
a parameter: following the literature a reasonable value would be 2. As is com-
mon in this class of measures, each dimension can be assigned a different weight.
We detail such a generalization in Online Appendix A1.

X is a simple combination of existing measures from two independent exten-
sions in the poverty measurement literature. While dimensional convexity and
durational convexity are satisfied (independently) by those measures, they are
rarely explicitly stated as a desirable property since the focus is usually on the
“transfer” or inequality-sensitivity properties of the measure. Unlike many other
applications, the a parameter in X no longer has to be chosen but is instead set to
1 in the cardinal case, and 0 in the ordinal case, which means that there is effec-
tively a net increase of only one parameter relative to the AF model. This is

6The extension to incorporate persistence as is done in Gradin et al. (2012) is straightforward but
will change the interpretation of the three-part decomposition in Section 2.3. We present the simpler
duration-only case in this paper. Also, unlike Foster (2009), we focus only on the aggregation step:
while the measure allots different weights to chronic versus transient poverty it does not require
cutting-off those who are transiently poor.
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because dimensional convexity and durational convexity are in fact sufficient condi-
tions for certain standard “transfer-type” properties, which we discuss in detail in
subsection 2.4.

Because there are two additively separable components in equation (6), the
parameter d allows a clear linear weighting choice between the two. Of course, it
is never clear a priori what the value of d should be. When ranking, for example,
two groups of individuals, one useful criteria is simply that both terms Xdimension

and Xduration have higher scores in one group relative to the other, in which case
the poverty ranking would be robust to any choice of d. Nonetheless, in cases
where such robustness does not hold, it is useful to understand how dimensional
convexity and durational convexity are affecting the score. The next section there-
fore details how X can be decomposed into three components to reveal more
information about the poverty profile.

2.3. A Three-Part Decomposition—Contribution C3

Recall the example of the three individuals in the introduction, who, while hav-
ing the exact same count of deprivations, have a different distribution of said depri-
vations within their respective deprivation profiles. X can be decomposed to yield:

1) The proportion of the poverty score due to the count of deprivation
and the distribution of the count of deprivations across individuals

2) The proportion of the poverty score due to the distribution of
“breadth” within individuals, with the breadth of individual n at period
t defined as 1

J

PJ
j51 dnjt

3) The proportion of the poverty score due to the distribution of “length”
within individuals, with the length of individual n at dimension j
defined as 1

T

PT
t51 dnjt

For any given count of deprivation, a higher variation of breadth across peri-
ods necessarily implies a greater concentration of deprivation within specific peri-
ods. Equally, a higher variation of length across dimensions implies a greater
concentration of deprivations within specific dimensions.

The decomposition is achieved by recognizing that Xdimension and Xduration share a
“common” component; that is, the component of X that is invariant to the distribu-
tion of deprivations within the individual. Let �X be the deprivation score when for
each individual, deprivations are distributed equally across each element of Dn:

�X5
1
N

XN

n51

PT
t51

PJ
j51

dnjt

J � T

0
BBB@

1
CCCA

b

3cn(7)

The score �X therefore never changes when an individual with the same average
count of deprivations is added. This is, in fact, the deprivation measure found in
Nicholas and Ray (2012). Since �X5d�X1 12dð Þ�X, we can add the left-hand-side
term and deduct the right-hand-side term of this equation from equation (6),
yielding the following three-part decomposition:
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X5 �X1d Xdimension2�X
� �

1 12dð Þ Xduration2�X
� �� �

� cn(8)

Table 1 describes each of these three components.
Let us consider an illustration using the three individuals from the introduc-

tion, setting b52, d50:5 and, z51. Though in practice it is rare to compare across
individuals, Dimensional Convexity and Durational Convexity are properties associ-
ated with the distribution of deprivations within individuals; hence the gains from a
measure satisfying the two properties are more clearly demonstrated by comparison

TABLE 1

Description of the Three-Part Decomposition of Poverty Measure X

Component Title Description

(1) �X Distribution-insensitive component (XI Þ The proportion of the poverty score
due to the count of deprivations,
and when b > 1, due to how
unequally distributed those counts
are across individuals. A change in
the distribution of deprivations
within any individual has no effect
on this component.

(2) Xdimension2�X
� �

Distribution of breadth component (XII Þ This component takes the value of zero
when the breadth of deprivation is
the same across each period for all
individuals. Formally, it is zero when
1
J

PJ
j51 dnjt5

1
J

PJ
j51 dnjt0 8 t; t0; n.

When b52 it yields the individual-
averaged variance of breadth, with
variance referring to variation over
time

(3) Xduration2�X
� �

Distribution of length component (XIII Þ This component takes the value of zero
when the length of deprivation is the
same across each dimension for all
individuals. Formally, it is zero when
1
T

PT
t51 dnjt5

1
T

PT
t51 dnjt0 8 j; j0; n.

When b52 it yields the individual-
averaged variance of length, with var-
iance referring to variation over
dimensions

TABLE 2

Poverty Scores for Individuals A, B, C

XA XB XC X5 1
N

PN
n51 Xn

XI 0.11 0.11 0.11 0.11
XII 0 0.22 0 0.07
XIII 0 0 0.22 0.07
XI 1 0:5�XI� �

1 0:5�XIII� �
0.11 0.22 0.22 0.18

Notes: Calculated using b52, d50:5, z51; rounded to two decimal points; the first three col-
umns depict poverty score calculated for each individual separately while the last column depicts
the aggregate level score.
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across individuals rather than groups. The scores are shown in Table 2, with Xn

being the poverty score calculated using N51.
All three individuals have the same score in the first component by virtue of

having the same count of deprivation. Since individual A has her deprivations
equally distributed across periods (one count in total for each period), and across
dimensions (one count in total for each dimension), the second and third compo-
nents have a score of zero. Both individual B and C have a poverty score that dou-
bles that of individual A—for individual B, this score difference is attributable
entirely to the uneven distribution of breadth across periods (all 3 counts in one
period) while for individual C, this score difference is attributable entirely to the
uneven distribution of length across dimensions (all 3 counts in one dimension).

Therefore while it is clear from the total scores that individuals B and C are
more deprived than A, the decompositions quickly tell us that this ranking is
driven by the distributions within their respective profiles rather than the actual
count of deprivations. This information cannot be gleaned by looking at only
Xdimension and Xduration, since even when both terms have higher scores for one indi-
vidual relative to another, differences in ranking could be driven by either XI or
the distribution sensitive terms XII and XIII :

The three-part decomposition found in Table 1 is achieved because a single
parameter b is used as the exponent for both poverty terms Xdimension and Xduration.
Consider an alternative specification where, say, Xdimension is unchanged and raised
to the power b while Xduration is raised to the power c. When b 6¼ c, XII and XIII can
take on negative values and hence cannot be interpreted as we have in Table 1. This
is because an increase in the exponent parameter typically reduces its average score
(since the base of the exponent is a ratio that can never be greater than one). This
makes comparability across the Xdimension and Xduration difficult, and effectively
reduces them to being two different measures.

2.4. The Transfer Axiom (Contribution C1) and Other Properties

Given that X is constructed from existing measures, the following axiomatic
properties are analogous to their static multidimensional counterparts, modified to
take into account repeated observations over time. Following Pigou (1932), the
transfer axiom requires that if inequality in income between two individuals were to
decrease through a transfer from one party to the other, the aggregate poverty score
should decrease. If we take �income� to cover the broader notion of “achievements”
from the multidimensional literature, then Pigou�s notion of “transfer” implies that
taking some achievement xnjt from a “richer” individual and giving it to a second
“poorer” individual should reduce overall poverty. What remains is to define
“richer” and “poorer” over the multidimensional, multi-periodic space.

Let x0njt be the post-transfer achievement.

Definition (progressive transfer)
q0 is obtained from q by a progressive transfer if there is a transfer of
achievement from individual Q to R along xnj0t0 such that:

(1) xQj0t0 > x0Qj0t0 > xRj0t0 2ð Þ xQjt � xRjt 8 j; t
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The first set of inequalities ensures that the transfer is a strictly positive
amount and that after the transfer Q has more achievement than R did prior to
the transfer. The second inequality combined with xQj0t0 > xRj0t0 from the first
ensure that the achievement profile AQ strictly dominates AR prior to the transfer.

Axiom 3 (weak transfer)
g q; mð Þ � g q0; mð Þ if q0 is obtained from q by a progressive transfer
among two poor individuals.

Our weak transfer axiom is analogous to Bourguignon and Chakravarty�s (2003)
“One Dimensional Transfer Principle”. However, several differences arise: first, it is
more general in the sense that it allows achievements of the transferor that are not
being transferred to not only be identical, but to dominate the corresponding achieve-
ments of the recipient. Second, it does not require that the achievements being trans-
ferred be below the respective deprivation cut-offs. Third, for the axiom to hold with
the use of dual cut-offs, a reversal of the transfer conditions stipulated above (that is, a
regressive transfer) requires that both individuals remain poor after the transfer.7

When the receiving achievement is below the dimensional cut-off prior to the
transfer (that is, the person is deprived in the dimension), a stronger form of
Axiom 3 emerges:

Axiom 4 (transfer with deprivation focus)
g q; mð Þ > g q0; mð Þ if q0 is obtained from q by a progressive transfer
among two poor individuals and in addition xRj0t0 < Fj0 .

Another class of inequality-sensitivity axioms are those based on the associa-
tion/correlation-decreasing switch (AF, Atkinson and Bourguignon, 1982; Bour-
guignon and Chakravarty, 2003). Define an association-decreasing switch as a
switch in achievement xnj0t0 between two individuals Q and R (i.e. x0Qj0t05xRj0t0 Þ
such that AQ strictly dominates AR prior to the switch but not after.

Axiom 5 (weak rearrangement)
g q; mð Þ � g q0; mð Þ if q0 is obtained from q by an association-decreasing
switch among two poor individuals.

Axiom 6 (deprivation rearrangement)
g q; mð Þ > g q0; mð Þ if q0 is obtained from q by an association-decreasing
switch among two poor individuals and: ið Þ xQj0t0 � Fj0 ; iið Þ xRj0t0 < Fj0

Axiom 6 is the time-dependent multidimensional analogue to the
“dimensional transfer” axiom found in Alkire et al. (2015, Chapter 2) and,
together with Axioms 1 and 2, are the additional properties that are satisfied by X

7A progressive transfer from a non-poor individual from a non-deprived dimension may turn the
transferor poor if the non-union identification method is adopted. Similarly, a regressive transfer to a
poor individual in a deprived dimension may turn the recipient non-poor. Both of these cause a dis-
crete “jump” in the poverty function which violate the basic property of the transfer axiom (see Datt,
2013). A union method of identification would allow the axioms to be satisfied without the restrictions
relating to the “poor” status of the individuals as utilised here.
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relative to the static multidimensional AF measure. Specifically, if we restrict Dn

to contain only one column entry, then the AF measure can be applied to it: the
AF measure would satisfy weak arrangement for a � 0, weak transfer for a � 1
and transfer with deprivation focus for a > 1. Our measure X satisfies, at a51 and
b > 1 all those and, in addition, deprivation rearrangement. When a50 and b > 1,
weak arrangement, and deprivation rearrangement are satisfied.

Consistent with the AF class of measures, our measure also satisfies the fol-
lowing axioms:

Axiom 7 (subgroup decomposability)

g N; q; mð Þ5
X

s

NS

N
g NS; q; mð Þ:

Define a single replication of N as A5 N;Nð Þ; of q as B5 q; qð Þ; of m as
E5 m; mð Þ.

Axiom 8 (replication invariance)
g N; q; mð Þ5g A;B;Eð Þ for any number of replications of N, q and m so
long as the number of replications are the same for N, q and m.

Axiom 9 (symmetry/anonymity)
g q; mð Þ5g q0; mð Þ where q0 is any permutation of the vector q.

Axiom 10 (normalization and nontriviality)
g q; mð Þ achieves at least two distinct values: a minimum value of 0 and a
maximum value of 1.

Axiom 11 (poverty focus)
g q; mð Þ5g q0; mð Þ if q0 is obtained from q by having a non-poor individ-
ual experience an achievement increase in any deprivation.

Axiom 12 (deprivation focus)
g q; mð Þ5g q0; mð Þ if q0 is obtained from q by an increase in the achieve-
ment in a dimension/period where an individual is not considered deprived.

Axiom 13 (deprivation monotonicity)
g q; mð Þ > g q0; mð Þ if q0 is obtained from q by a deprivation decrement
among the poor.

Proposition 1. Let a� 0; 1f g. X satisfies subgroup decomposability, replication
invariance, symmetry, nontriviality, normalization, poverty focus, deprivation
focus and deprivation monotonicity for b > 0; weak rearrangement for
b � 1;deprivation rearrangement for b > 1; weak transfer for b � 1 and a51;
transfer with deprivation focus for b > 1 and a51; dimensional convexity for b
> 1 and d > 0; durational convexity for b > 1 and d < 1.

Proof. Online Appendix B. �

1461

Review of Income and Wealth, Series 65, Number 1, March 2019

VC 2017    International Association for Research in Income and Wealth



3. Dimensional Decomposition

The decomposability of a poverty measure according to the contribution of
each dimension to overall poverty is a property that is desirable for multidimen-
sional measures.8 An additional feature of the three-part decomposition detailed
in Section 2.3 is that the dimensional contributions can also be further decom-
posed into three components and interpreted as the contribution of each dimen-
sion to each respective component. A dimension�s contribution to XI tells us the
dimension�s contribution to the count and across-individual distribution compo-
nent of deprivation, while a dimension�s contribution to XII tells us the
dimension�s contribution to the within-individual distribution of breadth; like-
wise, a dimension�s contribution to XIII tells us the dimension�s contribution to
the within-individual distribution of length. The contribution of a dimension to
XII is particularly interesting, since it highlights our measure�s ability to assign
more weight not only to dimensions that have the most periods of deprivation,
but also those that tend to occur with other dimensions of deprivation. Consider
an individual with the following deprivation profile:

DD5

0 0 1 1

1 1 0 0

1 0 0 0

0
BB@

1
CCA

Notice that if we were to do simple “count-based” dimensional decomposition as
is prevalent in the literature, we would conclude that the first and second dimen-
sions are equally important (they both have the longest duration at two periods
each), while the third dimension is clearly the least important. But this ignores
that deprivation in the second dimension occurs jointly with the third dimension
in the first period, while the first dimension never occurs jointly with any other
dimension. Dimension two should then be considered more important than
dimension one because an individual who could retrospectively choose to remove
an entire dimension of deprivation would (in most cases) choose to remove
dimension two over one by virtue of the breadth of deprivation that dimension
two contributes to in period one.

3.1. Shapley Decomposition

Notice from equation (6) that the contribution of every dimension to overall
poverty is a function of the other dimensions that occur jointly with it through
the term Xdimension, meaning that the measure is not directly decomposable accord-
ing to dimensions. However, the Shapley decomposition procedure found in Shor-
rocks (2013) can be applied here to yield an exact (additive) decomposition.
Effectively, since every dimension�s contribution to the overall score is a function
of the other dimensions that are present, the Shapley decomposition reports the

8Also called “dimensional breakdown” (Alkire et al., 2015, Chapter 2); “factor decomposability”
(Chakravarty et al., 1998) and “additive decomposability in attributes” (Bossert et al., 2013).
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dimension�s contribution averaged over every possible combination of other
dimensions. We describe the general procedure next but also provide a detailed
example with three dimensions in Online Appendix C. For an application in the
static multidimensional case, see Datt (2013).

Notice from equation (6) that because the second term Xduration is simply an aver-
age over all dimensions, it is directly additively decomposable according to dimen-
sions. The first term Xdimension, however, is not directly additively decomposable when
b 6¼ 1, and will require a Shapley decomposition to yield an additive decomposition.

Define XjjD50 as the overall poverty score when all deprivations associated with
dimension j are set to 0. The dimension score Xj5X2XjjD50 is therefore the mar-
ginal contribution of dimension j to X. Because X has two components, we have:

Xj5d Xdimension2Xdimension
jjD50

� �
1 12dð Þ Xduration2Xduration

jjD50

� �
(9)

For any b > 0, the second bracketed term is simply:

12dð Þ 1
N

PN
n51

1
J

PT

t
dnj0 t

T

� 	b

3cn. When b 6¼ 1, the first term is a function of the

order in which dimension j0 is removed.9 For any J number of dimensions there
are a total of K52J21 orders in which j0 can be removed. Let Xdimension k½ � be the
score Xdimension at order k 2 1 . . . Kf g and let Xdimension

jjD50 k½ � be the score Xdimension

when all deprivations associated with dimension j is set to 0 at order k. Shapley�s
decomposition therefore yields:

Xj5d
1
K

XK

k51

Xdimension k½ � 2Xdimension
jjD50 k½ �

� �
1 12dð Þ 1

N

XN

n51

1
J

PT
t

dnj0t

T

2
664

3
775

b

3cn(10)

A dimension�s proportion contribution to overall poverty is then simply cj5
Xj

X
where

PJ
j51 cj51. One may find it strange that the dimensional decomposition in

equation (10) uses the Shapley rule for only the first-half of the equation; this is
done simply for brevity: when the Shapley rule is applied to the second-half of
equation (10), it yields exactly the same score as a direct additive decomposition
would. In this sense, the direct additive decomposition common in the literature
can be seen as a special case of the Shapley decomposition method.10 The
approach detailed above yields two terms for each dimension. The Shapley
decomposition can also be applied to the three-part decomposition in equation
(8) to yield three terms for each dimension instead. While the three-part decom-
position is more informative, the two terms from equation (10) are sufficient to
yield a ranking of dimensions that are robust to the choice of d.

9For example, when J52, dimension j0 can be removed when j0 0 is present or when j0 0 is also
removed.

10A similar decomposition as that found in equation (9) can also be made for each period; how-
ever such a decomposition would be less useful as there is less reason for durational convexity if the
interest was in understanding how poverty changes across each period.
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4. Data Set and Summary Features

To apply the multidimensional poverty measure proposed in this paper we
require a sufficiently “long” longitudinal dataset to take advantage of the time-
dependent aspect of the measure. While there are several longitudinal datasets
from developing countries11 the China Health and Nutrition Survey (CHNS) is
the longest: we use data spanning 2000–11. The present study follows Labar and
Bresson (2011) in conducting the analysis of multidimensional poverty in China
on the CHNS data base.

The CHNS is an ongoing international project between the Carolina Popula-
tion Center at the University of North Carolina at Chapel Hill and the National
Institute of Nutrition and Food Safety at the Chinese Centre for Disease Control
and Prevention. This project was designed to examine the effects of health, nutri-
tion and family planning policies and programs implemented by the national and
local governments and to see how the social and economic transformation is affect-
ing the health and nutritional status of the population. A detailed description of
the CHNS database has been presented in Popkin et al. (2010). The surveys took
place over a three-day period using a multi-stage, random cluster process to draw a
sample of over 4000 households in nine provinces that vary substantially in geogra-
phy, economic development, public resources and health indicators. We converted
household level information to the individual level by assuming that the house-
hold�s access to a facility such as drinking water or electricity is the same for all
individuals in that household. Only individuals aged 18 years and above in the first
year of the panel were included in construction of the balanced panel.

The CHNS data does not provide information on all the provinces in China.
The present study was conducted on the nine provinces on which panel informa-
tion was available (the provinces are listed in the results in Section 5). While the
CHNS data providers do not claim that the data set is fully representative of the
population, they do point out an attractive feature of this data, especially for the
purpose of this study: “Data have been collected in a way that enables the team to
answer China�s policy-relevant questions concerning the design and impact of
programs and policies affecting . . . health and nutritional status of its pop-
ulation” (http://www.cpc.unc.edu/projects/china/about/proj_desc).

In the present analysis we convert all variables to discrete “1”, “0” variables
to be consistent (we therefore set a50Þ. A description of these dimensions is pre-
sented in Online Appendix D where the deprivation cut-offs used in the quantita-
tive dimensions: years of education, body mass index (BMI) and blood pressure
(BP) are explained. The summary statistics, year and dimension-wise, of the
deprivation rates in China are presented in Table 3.

Following the nature of the available information in the CHNS data set, the
chosen dimensions contained a mix of some at the household level and others at the
level of the individual. Deprivation at the household level is converted to individual
level deprivation by assuming that if a household is deprived in a particular dimen-
sion (e.g. fuel or electricity), so are all members of that household. This is similar to

11Examples include the Indonesian Family Life Survey; the Vietnam Household Living Standards
Survey; the Mexican Family Life Survey; and the China Health and Nutrition Survey (see Ray and
Sinha, 2015 for a static multidimensional application).
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the treatment of the expenditure dimension in AF though a wider range of dimen-
sions is considered in the present study. This is also consistent with the unidimen-
sional poverty literature where if a household is observed to be living below the
poverty line, it is assumed that is true of all individuals in that household. The
household level dimensions used here are those access to which are essential for a
household to be classed as a “non poor” household and, hence, for all the house-
hold members to be classed as “non poor individuals”. Besides, these are also
dimensions for which the above mentioned assumption of household access being
synonymous with individual access can be reasonably expected to hold.

At the individual level, the present study shares with AF the use of BMI and
education as dimensions. Illness and blood pressure are chosen in the same spirit
as BMI, since all three reflect underlying morbidity that in turn can be due to an
unobserved range of deprivations faced by the individual. For example, there are
now well documented linkages between blood pressure and poverty. As Ibrahim
and Damasceno (2012, p. 611) note, “High illiteracy rates, poor access to health
facilities, bad dietary habits, poverty, and high costs of drugs contribute to poor
blood pressure control”. Further evidence of a link between racial/ethnic based
socioeconomic disparities and systolic and diastolic blood pressure is contained
in Morenoff et al. (2007). One should therefore view poor performance in these
chosen health dimensions as picking up deprivation on a range of living indica-
tors that need to be addressed.

While some dimensions such as access to Fuel, Toilet and Radio/TV
recorded large improvements over the period, the opposite is true for other
dimensions such as abnormal Blood Pressure and BMI, which highlights the
importance of taking into account the time-aspect of deprivation at the dimen-
sional level since this would not be picked up by comparing static multidimen-
sional measures over time. Interestingly, the average deprivation score across
dimensions show very minor improvements over time (from 0.378 in 2000 to
0.323 in 2011) while the comparison household half-median income shows large
improvements, once again highlighting the differences in information conveyed
by these measures.

To motivate the use of a multidimensional approach, Online Appendix E
compares the rankings of the nine provinces in the CHNS based on the multidi-
mensional poverty measure proposed in this study X; b52; d50:5ð Þ with their
per capita GDP numbers (averaged over the period 2000–12) taken from the
National Bureau of Statistics of China, with a higher rank indicating a higher
level of deprivation. While both the GDP per capita and our measure rank the
Jiangsu province as the least deprived (lowest rank), a large discrepancy arises
for the province of Guangxi which is ranked second according to per capita
GDP, but eight according to our poverty measure. Liaoning, Shandong and
Hunan also experience moderate differences in rankings, switching in three posi-
tions across the two poverty indicators. Online Appendix E therefore provides
some support for the recent literature on multidimensional poverty in China by
showing that in resource allocation between provinces it may be misleading to
be guided by measures such as per capita GDP alone (as also noted in Labar
and Bresson, 2011).
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5. Results

We illustrate the usefulness of X by first comparing across subgroups of the
CNHS. The comparisons are: (1) between females and males; (2) between individu-
als in rural and urban regions; (3) between the nine provinces chosen for the CNHS.

For each of these comparisons, we first consider the poverty ranking provided
by five specifications (Table 4), all of which are special cases or components of X,
starting with the simplest measure X b51ð Þ and adding additional elements until
we reach X b52ð Þ. By introducing small changes to each measure we can ascertain
the source of any changes in rankings. To allow all observations to input their varia-
tion into the measure, the union approach is adopted in these calculations (i.e. z51).

We say that a pairwise ranking is robust to the choice of d if Xdimension and
Xduration both score higher for one group relative to the other.

In addition to these five measures, we explore the three-part decomposition
to examine which component(s) explains differences in ranking. Finally, we do a
dimensional decomposition for the most deprived subgroups to identify the most
effective dimension-targeted policy measures.12

5.1. Subgroup Comparisons

Table 5 shows us the results for Female/Male, Rural/Urban and Provincial
subgroup comparisons. For both the Female/Male and Rural/Urban comparisons
we have all five specifications agree. This means the rankings are highly robust to
changes in the measure�s sensitivity to the between and within individual distribu-
tion of deprivations. Notice that for the score X b52; d50:5ð Þ, the gap between
Females and Males is relatively small (0.2324 versus 0.2302) relative to the gap
between Rural and Urban residents (0.2609 versus 0.1364). This suggests that the
size of the deprivation gap between groups are in themselves insufficient to tell us
how robust differences in the groups will be to changes in weights allotted to the
breadth (XII Þ and length XIII� �

sensitive components.
Looking at the three components, XI ; XII and XIII , we can see that Females

are more deprived in XI and XII relative to Males, whereas rural residents are

TABLE 4

Five Specific Measures of Poverty, Based on X

Measure Description

i. X b51ð Þ baseline: sum the count of deprivations and average them over individuals
ii. XI (b52Þ baseline measure (i), but with each individual deprivation profile squared

prior to averaging over individuals, thus allowing sensitivity to across-
individual distribution

iii. Xdimension b52ð Þ measure (ii) with the addition of XII

iv. Xduration b52ð Þ measure (ii) with the addition of XIII

v. X b52; d50:5ð Þ measure (ii) with the addition of an equally weighted combination of XII and XIII

12The results presented here can be subject to a variety of additional robustness tests (e.g. by
changing the poverty cut-off z, adopting a different weighting scheme, or choosing higher values of
b). Since these are standard amongst AF-type multidimensional measures, interested readers are
referred to Alkire et al. (2015, Chapter 8). We present the formula for the standard errors of X in
Online Appendix A2.
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more deprived than their urban counterparts in all three components, with the XI

component nearly triple that of the Urban residents.
The rankings at the provincial level are once again largely robust: in fact, the

ranking are all robust to the choice of d. However, the Hubei—Hunan comparison
yields some interesting information: while Hubei has a smaller average count of dep-
rivations (apparent from it ranking lower at X; b51), it has both a larger concen-
tration of deprivations in dimensions XII� �

and in specific periods of time (XIII Þ. As
we move from specification (i) to (ii), rankings do not change, suggesting that intro-
ducing FGT-type between-individual distribution sensitivity makes little difference
for Hubei—Hunan. However, the rankings change when we take into account
within-individual distributions of deprivations (specifications (iii)–(v)).

One thing to notice in all these subgroup comparisons is that size of the XIII

component is relatively larger than XII , meaning that deprivations are more likely to
be repeated across time, rather than spread out across dimensions. While the choice
of d is never obvious since the notion of whether additional periods in the same
dimension should be weighted more heavily than additional dimensions in the same
period is highly subjective, we have shown that rankings robust to d with respect to
groups of provinces can be established using Xdimension and Xduration.13

The scores associated with each of the three components are useful for com-
parisons across subgroups. For example, Henan is the province that has both the
highest average count of deprivations, X; b51ð Þ and the largest concentration of
these deprivations across time in specific dimensions (XIII ). However, in terms of
XII , only Heilongjiang and Liaoning are ranked lower than Henan. Instead, Guiz-
hou, with the second highest average count of deprivations, X; b51ð Þ has the larg-
est concentration of deprivations across dimensions in specific periods XII�

) but
has a XIII component that is surpassed by Liaoning, Shandong, Heilongjiang and
Henan. In the next section we explore in greater detail the heterogeneity in depriva-
tion across Henan and Guizhou through the use of dimensional decomposition.

5.2. Dimensional Decomposition

Dimensional decomposition allows policies to target specific dimensions that
are the key “culprits” in overall deprivation. Results for dimensional decomposition
using a Shapley decomposition are presented in Tables F1–F4 of the Online Appen-
dix F, while Table F5 shows us the rankings of dimensional contributions to overall
poverty that are robust to d. We have reported these results for only the most
deprived groups; i.e. Henan and Guizhou for the province comparison, females for
the gender comparison and rural residents for the rural-urban comparison.

The dimension rankings are robust for the Rural and Henan subgroups,
while they vary across the Guizhou and Female subgroups. Interestingly, the
Female and Rural subgroups (Tables F1 and F2) exhibit a striking degree of simi-
larity in their dimensional contributions: specification (v) ranks all dimensional
contributions identically, with Compulsory Education being the largest (25 per-
cent and 23 percent contribution to overall poverty for specification (v) for

13Consensus weighting (e.g. Bossert et al., 2013) is one way to obtain an estimate of society�s will-
ingness to trade-off the two.
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Female and Rural subgroups) and Electricity being the smallest (<1% for both
subgroups) contributor to deprivation. For Females, the rank of access to Fuel,
Drink Water and a Toilet are not robust to d: Fuel ranks higher if XII�

) is given a
higher weight, while Drink Water ranks higher if XIII�

) is given a higher weight,
suggesting that lack of access to fuel is relatively more likely to occur jointly with
other problems, while lack of access to drink water tends to be persistent. Simi-
larly, lack of access to radio/TV and BMI are also not robust, with the latter
favoring a weight on XIII�

).
Our calculations suggest some heterogeneity across the provinces of Henan

and Guizhou (Tables F3 and F4). Notably, the robust rankings (Table F5) are con-
siderably different at the higher ranks. While Compulsory Education, Blood Pres-
sure and Fuel are important for both provinces, Vehicle is an additional important
factor for Guizhou, and Drink Water is an additional important factor for Henan.
Guizhou is also relatively more sensitive to the choice of d: Fuel ranks higher if XII

is given more weight, while Vehicles ranks higher if XIII is given more weight.
For all subgroups, (lack of) Compulsory Education is characterized by the

highest XI and XIII components relative to the other dimensions: the result on
XIII is not surprising since lack of education is likely to persist over time. What is
equally interesting is that Compulsory Education also contributes very little to
overall XII : for all four subgroups, only Electricity has a lower contribution. This
means that while Compulsory Education tends to be persistent, it does not tend
to occur with other dimensions of deprivation. On the other hand, Fuel and Ill-
ness are characterized by large contributions to XII , suggesting that they tend to
occur jointly with other dimensions of deprivation. In the case of Illness this sug-
gests that illnesses may themselves be a function of other deprivations (e.g. lack of
access to material resources leads to illness), though these illnesses do not seem to
persist (<1% contribution to overall XIII component.14)

Overall, given the data available to us and assuming each dimension is
equally valued, our policy advice would be that an increase in the access to nine-
year compulsory education would be the most “efficient” dimension to target
since it greatly affects all the disadvantaged groups. If this cannot be achieved,
then policies concerned with the rural residents or females should target the issue
of high blood pressure, while policies concerned with provincial inequality should
target access to fuel in Henan and Guizhou. If one recalls our earlier discussion
citing evidence linking high blood pressure with adverse living conditions, individ-
uals showing symptoms of hypertensions could be identified as those experiencing
severe deprivation. For effective policy intervention, one needs further examina-
tion of the specific causes of high blood pressure in the targeted individuals.

6. Conclusion

The contribution of this paper is methodological, analytical and empirical
with the objective of better utilizing longitudinal data for informing policy. The

14It is possible for the Shapley contribution of the XII and XIII component to be negative, since
the presence/absence of certain dimensions can actually reduce rather than increase the purely distribu-
tional aspects that these components capture.
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methodological contribution rests on the fact that it proposes a time-dependent
multidimensional poverty measure that is sensitive to the distribution of depriva-
tions both across and within individuals; notably, it is able to differentiate the con-
tribution of deprivations that are concentrated in specific dimensions versus those
that are concentrated in specific periods of time. The paper shows analytically
that the proposed measure satisfies a set of axiomatic properties that have been
shown to be desirable from a welfare perspective and that are also commonly uti-
lized in the literature. In addition, the proposed poverty measure is useful for pol-
icy makers in allowing for a three-part decomposition that distinguishes between
the distribution of breadth and length components and, in turn, both of them
from a distribution insensitive component. Furthermore, it allows a (partial)
ranking of subgroups and dimensional contributions that are robust the choice of
weights across these components. The use of the Shapley decomposition proce-
dure allows for dimensional decomposition while preserving the aforementioned
properties of the measure. The application to Chinese data heightens the empiri-
cal interest of this study since it is able to supplement well known information on
China�s large poverty reductions with relative differences across subgroups.

It is important to recognize that multidimensional poverty measures have
not displaced traditional income based approaches but are rather complementary
to them. Any analyst of poverty needs to balance the usefulness of a single aggre-
gated number versus disaggregated but more precise information. The advantage
of poverty measures that are generalizations of other measures, and that also yield
decomposability across a range of different factors such as subgroups and dimen-
sions of deprivations, is that they offer both features (a single aggregated number
and various decomposed ones) to the analyst within a consistent axiomatic frame-
work that then makes explicit the assumptions used in making various trade-
offs.15

These advantages naturally extend to the measure proposed in this paper: by
virtue of being a generalization of existing measures in the time-dependent unidi-
mensional literature and the static multidimensional literature, the measure can
be decomposed into these components, while at the same time allowing for aggre-
gation to a single number where the trade-off between duration-sensitivity and
dimension-sensitivity is captured by the choice of the parameter, d. Of course,
making the trade-off assumption explicit through a single parameter does not
necessarily make the decision easier: our measure also allows (partial) rankings
that are robust to any such parametric choice. This has the advantage that even if
d cannot be chosen objectively, attention to disaggregated-level deprivation char-
acteristics can be restricted to groups that fail to satisfy the robustness criteria,
which obviates the need to look at all the disaggregated deprivation characteris-
tics simultaneously.

In our Chinese application, for example, we find that Liaoning unambiguously
ranks above Hubei and Hunan—for purely ranking purposes, there is no need to
scrutinize the disaggregated measures and worry about the within-individual distribu-
tion of deprivations when comparing across, say, Liaoning and Hubei. When

15See for example, Alkire et al.�s (2011) summary of their exchange with Martin Ravallion, and
Alkire and Foster (2011b) for the usefulness and desirability of aggregation into a single number.
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comparing Hubei and Hunan (whose pairwise rankings are ambiguous), our mea-
sure allows us to say that: (1) Hubei is poorer when we allow for sensitivity of the
measure to the concentration of deprivations within specific periods and dimensions;
(2) Hunan is poorer when such within-individual distributions are deemed
unimportant.

Of course, our Chinese application has also shown that where large gaps of
poverty exist (e.g. between rural/urban areas), the extensions considered here are
unlikely to change the rankings produced by a simpler counting approach.16

Nonetheless, in such cases the decomposition properties of the measure remain
important: in the income versus multidimensional measure comparison, multidi-
mensional measure allow a disaggregation according to dimensions, thus allowing
a deeper peek into the “black box” of the aggregate poverty score. Our measure
goes further, by allowing not only decomposition according to dimensions, but
according to how deprivations are distributed, on average, within individuals.

In our Chinese application, for example, dimensional decomposition allows
us to conclude that high blood pressure issues, lack of education, and lack of
access to drinking water are key dimensions of deprivation; in addition, our three-
part decomposition tells us that a large proportion of this can be attributed to
these deprivations recurring over time. In contrast, while no access to fuel is also a
large contributor to overall poverty, it is also characterized by being relatively
more concentrated in specific periods of time across many dimensions; this sug-
gests that lack of access to fuel is a result of individual or household vulnerability.
The fact that the dimension of “being ill” exhibits a similar characteristic supports
this, since those who suffer from multiple deprivations are theoretically causally
more likely to suffer from health issues. It is exactly this type of vulnerability—i.e.
the most deprived being more likely to suffer specific additional deprivations—
that our measure is able to capture, which may then lead the analyst to subsequent
causal investigation.

This study has also drawn attention to the need for, and advantages of, hav-
ing more balanced panel data sets at the level of individual or household contain-
ing information on deprivations by dimensions and covering a long enough
period of time to allow dynamic multidimensional poverty estimation of the sort
that is attempted here. The CHNS data set is one of the very few such data sets
available for a developing country. Such information also needs to be gathered at
the regional level, especially in the case of large and heterogeneous countries such
as China and India. The large heterogeneity in the provincial poverty estimates in
China points to the importance of a coordinated global program for calculating
and monitoring subnational multidimensional poverty. With global poverty
reduction featuring as an important goal in both the Millennium Development
Goals (MDG) and Sustainable Development Goals (SDG), and the Human
Development Reports moving from the earlier use of HDIs to the more sophisti-
cated MPIs in assessing progress, the need for both methodological advances in
the poverty measures and for disaggregated information in the data that is avail-
able cannot be overstated.

16Because the measure is ultimately a poverty measure, an increase in deprivation must increase
the poverty score even if it reduces inequality (deprivation monotonicity).
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