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Abstract: In order to understand whether a reduction in overall poverty has improved the
situations of the poorest, it is crucial to distinguish them from the moderately poor population.
In this paper, we explore the mechanisms to distinguish subsets of the poor in a
multidimensional counting framework. We examine two approaches that capture two distinct
forms of stringent multidimensional poverty: one uses a more stringent vector of deprivation
cutoffs, and the other, a more stringent cross-dimensional poverty cutoff. To explore the
distinction between these two approaches empirically, we examine the evolution of
multidimensional poverty in Nepal. Our findings show crucial differences between these
approaches.

Keywords: extreme poverty, ultra-poverty, multidimensional poverty, poverty characteristics,
poverty profile, Nepal
JEL classification: 13, 132, D63, O1

Acknowledgements: This paper has benefitted from the comments of the participants at the
Queen Elizabeth House brown bag seminar, the Oxford Poverty and Human Development
lunch time seminar series, the Centre for Studies on African Economies (CSAE) conference in
March 2015 at the University of Oxford, the meeting of the Society for Social Choice and
Welfare in Boston in June 2014, the UNU-WIDER conference on ‘Inequality — Measurement,
Trends, Impacts, and Policies’, Helsinki in September 2014, the seminar at the Center for
Operations Research and Econometrics, Université catholique de Louvain, Louvain-la-Neuve
(Belgium) in June 2015, the meeting of the Society for the Study of Economic Inequality
(ECINEQ) at Luxembourg in July 2015, and the Human Development and Capability
Association Conference in Washington DC in September 2015. We thank Ana Vaz for sharing
the harmonized datasets on Nepal for our study. The usual disclaimer applies.

University of Oxford, UK, sabina.alkire@qeh.ox.ac.uk; Leeds University Business School, and University of Oxford, UK,
S.Seth@leeds.ac.uk.

This paper has been presented at the UNU-WIDER ‘Inequality—Measurement, Trends, Impacts, and Policies’” conference, held
5-6 September 2014 in Helsinki, Finland.

Copyright © The Authors 2015
ISSN 1798-7237 ISBN 978-92-9256-040-9 https://dol.org/10.35188/UNU-WIDER/2015/040-9
Typescript prepared by Leslie O’Brien for UNU-WIDER.

UNU-WIDER gratefully acknowledges the financial contributions to the research programme from the governments of
Denmark, Finland, Sweden, and the United Kingdom.

The World Institute for Development Economics Research (WIDER) was established by the United Nations University (UNU)
as its first research and training centre and started work in Helsinki, Finland in 1985. The Institute undertakes applied research
and policy analysis on structural changes affecting the developing and transitional economies, provides a forum for the advocacy
of policies leading to robust, equitable and environmentally sustainable growth, and promotes capacity strengthening and training
in the field of economic and social policy-making. Work is carried out by staff researchers and visiting scholars in Helsinki and
through networks of collaborating scholars and institutions around the world.

UNU-WIDER, Katajanokanlaituri 6 B, 00160 Helsinki, Finland, wider.unu.edu

The views expressed in this publication are those of the author(s). Publication does not imply endorsement by the Institute or the
United Nations University, nor by the programme/project sponsors, of any of the views expressed.


https://doi.org/10.35188/UNU-WIDER/2015/040-9

1 Introduction

The eradication of extreme forms of poverty has been at the top of the global as well as national
development agendas. To accomplish this objective, it is necessary to identify the people who are
the poorest of the poor. Being unable to distinguish the poorest from the moderately poor does not
provide additional incentives for addressing the conditions of those at the very bottom of the
distribution, who may be characteristically very different (Devereux 2003; Harriss-White 2005) and
may require different types of resources and assistance (Lipton 1983) than those who are moderately
poor. Deprivations among the poorest may also reflect more chronic forms of deprivations (Aliber
2003; McKay and Lawson 2003). This type of gradation is equivalent to setting different thresholds
for ‘identification’, which is one of the crucial steps in the measurement of poverty (Sen 1976).

Discussions on poverty gradients are common with respect to monetary poverty. Since 1990, the
Wortld Bank has used different income poverty thresholds such as USD1.25/day and USD2/day to
identify different levels of poverty (see World Bank 1990; Ravallion et al. 1991; Chen and Ravallion
2010). Poor people who suffer more stringent forms of poverty have been variously referred to as
ultra-poor, destitute, extreme poor, and severely poor. The term ‘ultra-poverty’, pioneered by Lipton
(1983, 1988), was coined for identifying the poorest of the poor by setting a more stringent
monetary threshold." In practice, however, organizations have been known to use multi-criteria
approaches, which include both monetary and non-monetary criteria, to target the ultra-poor.”

The Wotld Bank refers to those living below USD1.25/day as the ‘extreme poor’. Indeed monetary
deprivation is one form of many deprivations that may impair the freedom a person enjoys, but it
may neither reflect nor capture deprivations in other dimensions. The term ‘destitution’ has been
coined for identifying the poorest from a multidimensional perspective (see Devereux 2003; Harriss-
White 2005; Alkire et al. 2014a).> However the poorest of the poor are referred to, the primary
objective has been to identify a subset of the poor population who experience a more stringent form
of poverty. We will use the word ‘stringent’ to refer to a subset of the multidimensionally poor who
are strictly poorer than the subset we denote as ‘moderately’ poor.

Although various monetary approaches have been used to distinguish the poorer from the
moderately poor, efforts within a multidimensional framework are scarce. Given the emerging
interest and application of the multidimensional approach to the measurement of poverty as well as
the identification of the poor, in this working paper, we explore the multidimensional identification
technique proposed by Alkire and Foster (2011) within the counting framework that respects the

! The approach of Lipton has been used by Kakwani (1993). For other monetary approaches, see Cornia (1994); Klasen (2000);
Roberts (2001); Aliber (2003); IFPRI (2007); Bird and Manning (2008); Harrigan (2008); Ellis (2012).

2 Examples include but are not limited to BRAC in Bangladesh (Halder and Mosley 2004) and Bandhan in the state of West Bengal in
India (Banerjee et al. 2011). See Chapter 4 of Alkire et al. (2015a) for further examples.

3 Devereux (2003) proposed identifying the destitute in terms of an inability to meet subsistence needs, assetlessness, and dependence
on transfers; whereas, Harriss-White (2005) asserted that destitution had monetary as well as non-monetary (social and political)
aspects. The Oxford Poverty and Human Development Initiative refer to those suffering a more stringent set of deprivations in the
global Multidimensional Poverty Index (MPI) as ‘destitute’ (Alkire at al. 2014a).
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ordinal nature of dimensions that are most commonly used in practice.” In the counting framework,
there are two different forms of cutoffs. One is a set of deprivation cutoffs to identify deprivations
in each dimension. The other is a poverty cutoff that identifies the poor population using the sum of
their (weighted) deprivation profiles. Unlike monetary approaches, there is more than one way to
identify a poorer subset of the poor population.

One straightforward way to identify a subset of poor people is by setting a more stringent poverty
cutoff, similar to what is followed in monetary approaches. A more stringent poverty cutoff reflects
a higher intensity of simultaneous deprivations in multiple dimensions. For example, a person may
be identified as poor if the person is deprived in three or more of ten dimensions, but a stringent
poverty cutoff may require a person to be deprived in, say, any five or more of ten dimensions. We
refer to this approach for identifying the subset of the poor as the intensity approach.

A second approach for identifying a subset of the poor is to apply a set of more stringent (or ultra)
deprivation cutoffs. For example, rather than defining deprivation in child undernutrition as two
standard deviations below the median, one may define a more stringent deprivation cutoff for
undernutrition, such as using three standard deviations below the median to identify a more extreme
form of deprivation in that dimension: severe undernutrition. A subset of poor people may be
identified as those who suffer at least the poverty cutoff level of ultra-deprivations. We refer to this
approach as the depth approach.

If both of these measures are feasible, then which should be used and why? Addressing this question
requires empirical as well as conceptual analysis. For example, it might be that both the intensity and
depth approaches identify the same people as stringently multidimensionally poor and, furthermore,
that their trends move together. In that case, it does not matter which measure is used. However, it
also might be that the different approaches identify completely or partially distinct subsets of the
poor and that the reduction of these subsets does not move in tandem. In this case, either a
normative choice must be made to decide which subset of stringent poverty is more appropriate for
the purpose at hand, or both may be reported. Furthermore, one may wish to deepen our
understanding by analysing characteristics that are more associated with one form of stringent
poverty than the other is.

To explore these empirical issues, we study the evolution of multidimensional poverty in Nepal. The
country registered a very strong reduction in both monetary and multidimensional poverty in the
pre-earthquake period. The reduction in USD1.25/day poverty rate was much faster than the
teduction in USD2/day poverty, which suggests a pro-poor trend. The country also swiftly and
significantly reduced its multidimensional poverty rate as measured by the global Multidimensional
Poverty Index (MPI). Has this noteworthy reduction in the global MPI poverty rate been
accompanied by a larger reduction in more stringent forms of multidimensional poverty? In order to
answer this question, we define two identification criteria based on the intensity and the depth
approaches, and apply them to identify two subsets of the MPI poor population. The measures are
distinct, in that many people in intensity poverty are not deeply poor and vice versa. Nationally, the
relative reduction in the intensity poverty rate was faster than the relative reduction in the MPI

4 For a number of historical applications of counting approaches to identification, see Chapter 4, and for a list of international and
national adaptations of the approach to measurement proposed by Alkire and Foster (2011), see Chapter 5 of Alkire et al. (2015a).
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poverty rate, which is again positive, but the relative reduction in the depth poverty rate was slower
than the MPI poverty reduction. Probing this with two logistic regression models, we find that
different characteristics are associated with intense poverty than those that are associated with depth

poverty.

This paper is structured as follows. Section 2 presents the identification methodology in the
counting approach framework. We outline how linked subsets of the poor population may be
identified in Section 3. Section 4 presents the level and evolution of multidimensional poverty in
Nepal between 2006 and 2011. In Section 5, we examine how different characteristics are associated
with different types of multidimensional poverty. Section 6 concludes.

2 Identification of the poor in the counting approach framework

We present the theoretical framework using a hypothetical society of population size n. The set of
population in the society is denoted by N. The well-being of the society is assessed by d = 2
dimensions, which may include but are not limited to standard of living, health, education, access to
basic services, etc. We denote the achievement or performance of any person [ in dimension j by
x;j € Ry, where a higher value implies higher achievement. Achievements of the population in d
dimensions are summarized by a matrix X € R%?*? where vector x;. denotes its i row (contains d
achievements of person ) and X.; denotes its j™ column (contains 1 achievements in dimension j).
Of the n persons, we denote the number of people identified as poor by q. The set of poor people
and the set of non-poor people are denoted by Z and N\Z, respectively. An identification function
p is used to identify the poor population, such that p(x;.; 8) = 1 whenever i € Z and p(x;.,0) =0
whenever [ € Z or { € N\Z, where 0 is the set of parameters. Unlike in the unidimensional
framework, the identification function depends on the zdentification approach.

A frequently used approach for identification in a multidimensional context is the censored achievement
approach, where a deprivation cutoff z; € Ry, is defined for each dimension j, which determines
whether any person [ is deprived (whenever X;; < zj) or not deprived (whenever x;; = z;) in each
dimension j.> All d deprivation cutoffs are summarized by vector z € R%.,.. Note that we use a bold
font to denote a vector throughout this paper. In the censored achievement approach, the
achievement matrix X is censored by the deprivation cutoff vector Z to obtain the achievement
matrix X, such that &;
achievements that are in excess of the deprivation cutoff of each dimension to prevent the
substitution of achievements below the deprivation cutoff in one dimension by the achievement
above the deprivation cutoff in another dimension. The justification behind such censoring is that
permitting such substitutions may have misleading policy implications. For example, if a poor
person has very inadequate access to basic health services but the person is not deprived in standard
of living, then it is hard to justify that the person can be lifted out of poverty by further improving

i = xij if x;; < zj and X;; = zj, otherwise. The censoring process ignores the

5 For a range of studies that use the censored achievement approach to identification, see Alkire et al. (2015a).

5



the living standard—either by providing a cash transfer or additional assets—without improving
their ability to enjoy better health services.’

Some studies that primarily focus on the measurement of poverty rather than only the identification
of the poor assume the underlying dimensions to be cardinally meaningful and use a union criterion
to identify the poor. A union criterion identifies a person as poor if the person is deprived in any
dimension, and its use is justified when it can be assumed that data are accurate, that each person’s
preferences are not to be deprived in any dimension, and that every deprivation should count. The
assumption about cardinality is problematic as the majority of indicators used in practice are ordinal.
In this paper, we explore the frequently used dual-cutoff counting approach to identification within the
censored achievement approach put forward by Alkire and Foster (2011).

In the dual-cutoff counting approach, a poor person is identified in two stages. The first stage
identifies the deprivations by assigning a deprivation status g;; to each person in each dimension,
such that g;; =1 if X;; < z;; and g;; = 0, otherwise. We denote the relative value or weight
assigned to dimension j by wj; such that w; > 0 and 2;1:1 w; = 1. These relative weights are
summarized by the relative-weight vector w. The deprivation status and the relative weights are used
to obtain the weighted deprivation score (¢;) for each person i: ¢; = Zj-lzl W;gij. The deprivation
score indicates the share of weighted deprivations each person experiences. Intensity is the average
share of deprivations experienced by those persons who are identified as poor.

In the second stage, the poor are identified by selecting a cross-dimensional poverty cutoff k. A
petson is identified as poor if the person’s deptivation score is equal to or larger than k, where
k € (0,1]. Thus, the identification critetion involves two different types of cutoffs—a set of
deprivation cutoffs z and a poverty cutoff k. The set of parameters in this framework is represented
by 0 = {w, z, k}. Formally, any person i is identified as poor, i.e., p(x;;0) = 1, if ¢; = k and non-
poor, ie., p(x;;0) =0, if ¢; < k. Note two special cases: k € (0, min{wy, ..., wg}] denotes the
union criterion to identification, whereas k = 1 denotes the zntersection criterion to identification.

We denote the multidimensional headcount ratio or the proportion of the population identified as poor
by H = q/n. The dimensional uncensored headcount ratio ot the proportion of population deptived in a
particular dimension j, irrespective of deprivations in any other dimension, is denoted by h; =
[Z?:l 9i j] /n. Any non-union criterion for identification; however, censors any deprivations of the
non-poor. In that case, we denote the dimensional censored headcount ratio or the proportion of the
population who are identified as poor, as well as deprived, in a given dimension j by h; (k) =

[Xi, p(xi; 0)g:5]/n.

¢ Another approach analogous to the consumption expenditure or income approach to identification is the aggregate achievement
approach. Within this approach, the achievements of each person in all dimensions are aggregated using an aggregation function
f(x;.) and then a poverty cutoff f is used to identify the poor, such that p(x;.) = 1 if f(x;.) < f and p(x;.) = 0, otherwise. This
approach allows the substitution of achievements between any two dimensions at any level, permitting a poor person to become non-
poor by improving her achievement in a non-deprived dimension even when her achievements are unaltered in deprived dimensions.
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3 Identification of a linked subset of poor

We next explore ways by which a subset of the poor population can be identified in the dual-cutoff
counting framework, such that each member of that subset is poorer than poor persons who do not
belong to that subset. After obtaining the general result, we present two practical ways of identifying
such a subset, where one way focuses purely on intensity and the other purely on depth. The task is
quite straightforward in the unidimensional framework, where a more stringent poverty cutoff is
used to identify the poorer population, who may be referred to as the #/fra-poor. Lipton (1983, 1988),
for example, used a more stringent income threshold that only reflected daily calorie requirements.
In the context of Eastern European countries, Cornia (1994) classified those with incomes below a
social minimum as poor but identified the ultra-poor population using an income threshold below
the subsistence minimum. In the international context, the International Food Policy Research
Institute (IFPRI) (2007) identified a subset of the USD1.25/day poot population as ultra-poor if
they were living on less than USDO0.50 a day. In South Africa, Klasen (2000) identified those in the
poorest quintile ranked by their consumption expenditures as ultra-poor; whereas Roberts (2001)
and Aliber (2003) identified ultra-poor as those whose income was less than half of the original
poverty line.

Unlike in the unidimensional framework, the dual-cutoff counting approach framework uses two
distinct types of thresholds for identification. In this paper, we use the term, /nked subset, because
each person in the poorer subset is also poor by the original identification criterion. Let us denote
the subset of poorer people to be identified by Z. A different set of parameter values are used to
identify members of the subset, which we denote by 8 = {Ww,Z, k}. Now we ask: What is the
relationship between the set of parameters @ that is used for identifying the set of poor Z and the set
of parameters  that is used for identifying the poorer subset Z?

The following theorem sets out the general relationship between these parameters and sets of the
poor.

Theorem: For any deprivation matrix X and for all deprivation cutoff vectors Z, Z, for all relative-
weight vectors W, W and for all k k€ (0,1], () Z S 7 if and only if Z <z whenever k €
(0,min{w}], 2) Z S Z if and only if Z < z whenever k =k =1, and (3) Z € Z if and only if
Z <z k >k and W = w whenever k € (min{w}, 1).

Proof. See Appendix A.

For reasons of generality, the theorem identifies a weak subset of poor people (Z € Z) and imposes
weak restrictions on the deprivation cutoffs and the poverty cutoff. The theorem covers, for
example, the particular possibility that all d dimensions may be binary or dichotomous so that it is
only possible to have Z = Z. The expression Z < Z permits all deprivation cutoffs to be identical in
both vectors, or to be strictly more stringent. Similarly, the expression k = k permits equality in the
poverty cutoffs as well as a situation in which k is greater than k such that some person could be
defined as poor by k who would not be identified as poor by k.

The main motivation of this paper however is to define situations in Which strict subsets of the poor
could possibly be identified. We define the expression Z < Z to imply Z; < z; for all j and Z; < z;
7



for at least one j and expression k > k to indicate that the poverty cutoff k is strictly higher than
(more stringent than) k in the non-intersection case. Note that even when dimensions have more
than one category and strict restrictions Z < z and k > k are applied singly or together, these are
not sufficient for ensuring the identification of a strict subset of poor people. For example, it might
be the case that no person is deprived according to the more stringent deprivation or poverty
cutoff(s)—indeed, that would be a desirable situation, but it is already included because the empty
set is a subset of all sets. It also might be that all poor persons in Z were identified as stringently
poor and thus are members of Z. Even if the sets are identical or if one is the empty set, this result
still adds information regarding the structure of poverty. Although restrictions Z < z and k > k are
not sufficient for ensuring Z C Z, these restrictions are necessary in order to have Z C Z. This is
shown in the following corollary.

Corollary: For any deprivation matrix X and for all deprivation cutoff vectors Z, Z, for all relative-
weight vectors w, w and for all k, k € (0,1] and for any non-empty set of poor Z, (1) Z € Z only if
Z < z whenever k € (0,min{w}], 2) Z € Z only if Z < z whenever k =k =1, and Z € Z only
if either 30)Z<2z, k>=k and W=w or (3b) Z2<2z, k>k and W=w whenever k €
(min{w}, 1).

Proof: The proof directly follows from the theorem above and additionally requires eliminating the
cases where Z = z and/or k = k.

What are the interpretations of the results in the theorem and in the corollary? The overall results
have three parts, all of which require that Z < Z or Z < Z, respectively. Intuitively from the theorem,
the ultra-deprivation cutoffs for identifying the poorer subset must not be higher (less s#zngens) than
the corresponding deprivation cutoffs used for identifying the poor population. In other words, a
person in Z should not be identified as deprived in a dimension with respect to the deprivation
cutoff Z; if the person is not identified as deprived with respect to the deprivation cutoff z;. Why is
this requirement necessary? Consider any non-poor person i, but suppose the ultra-deprivation
cutoff is such that Z; > x;; = z;. Cleatly, person { is ultra-deprived in dimension j. Now if we assign
enough weight to dimension j so that the weight is equal to or higher than the poverty cutoff, then
person i belongs to Z. Hence, Z cannot be a subset of Z. Note that if Z; > zj, then there always
exists some combination of achievements, weights, and poverty cutoffs for which i € Z but i & Z.
Based on the corollary, Z should be a vector containing a set of d ultra-deptivation cutoffs such that
z< Z.

Unlike the relationship between the two sets of deprivation cutoffs Z and Z, relationships between
the two poverty cutoffs k and k and between the two sets of relative weights W and W are not
universal. Whenever, k € (0, min{w}], which is equivalent to the union criterion of identification, it
is both necessary and sufficient to have Z < Z in order to have Z € Z and it is necessary to have
Z < z in order to create the potential to identify a poorer subset.

Intuitively, a union criterion identifies anyone having a deprivation in any dimension as poor and,
therefore, as long as a set of ultra-deprivation cutoffs is used, the identification of a poorer subset is
possible. Similatly, whenever k =1, which is equivalent to the intersection critetion of
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identification, requiring a person to be deprived in all dimensions simultaneously, it is both necessary
and sufficient to have Z < z and k = k = 1 in order to ensure Z € Z and it is necessary to have
Z<zand k =k =1 in order to ensure Z € Z.” Finally, whenever k € (min{w}, 1), which is
equivalent to an intermediate criterion for identification, it is necessary and sufficient to have Z < Z,
k >k, and W = w in order to have Z € Z and necessary to have cither Z < z, k>k andw=w
orZ <z, k >k, and W = w in order to have Z € Z. Intuitively, to ensure the identification of the
poorer subset in this case, we must ensure that either a set of ultra-deprivation cutoffs, a more
stringent poverty cutoff, or both is used, but, importantly, the set of relative weights should be the
same.

It is clear from the above discussion that there is more than one way to draw distinctions between
the moderately poor population and the ultra-poor population. Let us look at the cases more closely.
The use of a union approach for identification must be carefully understood. Some regard it to be an
advantage that the union criterion does not require imposing any restriction on the set of weights
and thus avoids normative judgements. This is a misunderstanding. The size of a union headcount
ratio can be reduced by dropping dimensions that have higher deprivation headcount ratios than
other dimensions. Thus, the union approach does not avoid normative decisions; instead, the
normative decisions are concentrated in the selection of dimensions to include or exclude, and these
decisions may greatly affect identification.

Stll, if a rights-based approach is used where every dimension is accurately measured and
deprivations are of universal, equal, and inalienable importance, then a union approach may appear
to be appropriate. Note, however, that the union approach often identifies an unreasonably large
fraction of the population as poor. In addition, while relative-weights are not required for
identification using the union approach, they are still required for exploring intensity (the average
share of deprivations poor people experience). That is, relative weights are still required to assess
who is suffering a higher share of multiple deprivations within the poor subset of population.

Similar restrictions on parameters are also required for the intersection criterion, which requires that
a person should be identified as poor only when the person is simultaneously deprived in all
dimensions. Like the union criterion, the intersection criterion also is often claimed to have an
advantage in that it avoids normative judgements because it does not require imposing any
restriction on the set of weights as the choice of weights does not matter in this case. However,
again this is a misunderstanding. The identification of who is poor is highly sensitive to the choice of
dimensions, and so in the intersection approach, like union, the selection of dimensions requires
very demanding normative judgements. Moreover, this approach often identifies a strikingly low
fraction of the population as poor. In order to prevent this, the dimensions must be carefully
restricted in terms of size and joint distribution. Thus again in the intersection approach, the
measure can be highly sensitive to the choice of dimensions; hence their selection must be
normatively justified.

The intermediate criterion may appear to be demanding because it requires a larger number of
restrictions on parameters, but this criterion allows more flexibility in practice.

7 It is straightforward to verify that the restrictions k € (0,1], k = k and k = 1 together imply k = 1.

k
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Based on the restrictions on parameters in the theorem, we now define two restricted approaches
for identifying the poor: the depth approach and the intensity approach. For a given set of dimensions and
a fixed poverty cutoff k and weight vector w, if the poorer subset of the population is identified
using a set of ultra-deprivation cutoffs Z < z, we refer to this approach as the depth approach. Let us
denote the ultra-deprivation status of depth-poor person i in dimension j by g;; such that g;; = 1if
xij < Zj and g;j = 0 otherwise, and, given that W = w, the weighted ultra-deprivation score for
each person [ is denoted by ¢; = 2?:1 w;gi;j- If the set of parameters for identification is denoted
by 8p = {W, Z, k}, then p(x;;w,Z,k) = 1if ¢; = k and p(x;.;w,Z, k) = 0 if ¢; < k. We denote
the subset of poor people who are depth poor by Zp, their number by qp, and the depth poverty rate by
Hp = gp/n. The depth approach is compatible with all three identification criteria—union,

intersection, and intermediate—subject to different restrictions on parameters as presented in the
theorem earlier.

Unlike the depth approach, the intensity approach identifies the subset of poor people by choosing a
more stringent poverty cutoff k 1 > k, while keeping fixed the set of dimensions, the weight vector,
and the set of deprivation cutoffs used for identifying the set of poor in Z. The intensity approach is
analogous to the identification of the poorer subset in the unidimensional context. We denote the
set of parameters to identify the intensity poor by 8, = {w, z, k;} such that p(xi.; w,Zz, I_CI) =1if
C; = IEI, and p(xl-.; w,z, EI) =0if¢ < k 1- Note that the intensity approach is not compatible with
all three identification criteria. For the intersection criterion, the poverty cutoff is already equal to its
maximum possible value and so setting a more stringent poverty cutoff is not feasible. The union
criterion in the intensity approach can be used as the original identification criterion, in which case
the stringent poverty cutoff requires a non-union criterion such that k;, > k. The intermediate
criterion requires both k; > k and W = w. We denote the subset of poor who are intensity poor by
Z,, their number by G;, and the intensity poverty rate by H; = §;/n.

The intensity approach has been used by the United Nations Development Programme (UNDP
2010) and the Oxford Poverty and Human Development Initiative (OPHI) to identify the severely
poor population (see methodological details in Alkire et al. 2014a), which is a subset of the MPI
poor population. The MPI poor are those who suffer one-third or more of the weighted
deprivations in ten indicators (Alkire and Santos 2010, 2014); whereas the severely poor are those
who suffer half or more of the weighted deprivations in the same set of ten indicators and with
respect to the same set of deprivation cutoffs. The intensity approach has also been used by Alkire
et al. (2015b) to identify the poorest billion people living across 109 developing countries. Alkire and
Seth (2015) use both the depth and intensity approaches, and their intersection, to divide the overall
MPI poor population into different subsets of the poor to study the evolution of multidimensional
poverty according to these subsets in India between 1999 and 2006. The depth approach has
recently been used by Alkire et al. (2014a) and Alkire and Robles (2015) to study both depth and
intensity approaches in 49 and 100 developing countries, respectively. They measure destitution
using the same set of ten indicators but apply more stringent deprivation cutoffs for eight of these
ten indicators. A person is destitute if the person is deprived in one-third or more of the weighted
deprivations in these ten indicators subject to the stringent deprivation cutoffs; a cutoff of one-half
is also applied to identify the severely poor according to the intensity approach.

10



The depth and intensity approaches capture different forms of multidimensional poverty and need
not identify the same poorer subset of the poor. The intensity approach identifies the poorer subset
by capturing a multiplicity of deprivations in the same set of indicators but ignores information on
the depth of deprivations even when the information can be feasibly captured. The depth approach
on the other hand captures a multiplicity of deprivations but in terms of ultra-deprivations whenever
the information on depth is available. When all dimensions are cardinal (ratio scale), the information
on depth can be reflected by computing normalized shortfalls from the deprivation cutoff.
However, when dimensions are ordinal, such computations are not feasible, but the depth approach
can still be implemented and proves to be a useful tool.

4 Evolution of multidimensional poverty in Nepal between 2006-2011

We now provide an inter-temporal illustration of the methodology using the evolution of
multidimensional poverty in Nepal, a land-locked country bordered by India and China. In the first
decade of the new millennium, before their tragic earthquake of 2015, Nepal had shown dramatic
improvements both in terms of reducing monetary poverty as well as multidimensional poverty. The
World Bank data show that between 2003 and 2010, the proportion of the population living below
USD1.25/day fell from 53.1 per cent to 23.7 per cent, by 10.9 per cent per annum in relative terms.
The proportion of the population living below USD2/day, however, fell only from 77.3 per cent to
56 per cent, by 4.5 per cent per annum in relative terms. The pattern of reduction in monetary
poverty cleatly shows that the relative reduction in the USD2/day poverty rate has been much
slower than the relative reduction in the USD1.25/day poverty rate, which implies that the
proportion of population suffering from the extreme form of monetary poverty fell faster.

Data from Alkire et al. (2014b) show that between 2006 and 2011, the proportion of the MPI poor
population or the MPI poverty rate fell from 64.7 per cent to 44.2 per cent, by 7.4 per cent per
annum in relative terms. Thus, the annual relative reduction in the proportion of MPI poor has been
slower than that in the USD1.25/day poverty rate but faster than the USD2/day poverty rate. What
happened to the more stringent forms of multidimensional poverty? Like monetary poverty, did
these more stringent forms of multidimensional poverty rate fall faster than moderate poverty?® We
explore this question by applying the depth approach and the intensity approach defined above to
identify two more stringent forms of multidimensional poverty and explore their interrelationships.”

8 Exploring whether the stringently poorer subset of the poor are ‘catching up’ or “falling behind’ is not a straightforward comparison.
It entails comparing both the absolute rates of change and relative rates of change (see Chapter 9 of Alkire et al. 2015a). If the poorer
subset has faster poverty reduction in both relative and absolute terms, the poorer subset is ‘catching up’. When poverty rates go
down for both the moderately poor and the poorer subset, however, it is unlikely that the absolute reduction among the poorer would
be larger due to a much lower initial poverty rate. In this case, one may need to rely on comparing the relative rates of change in order
to examine whether, given their starting levels, the poorer group has a proportionately larger reduction. On the other hand, if the
poorer subset had slower poverty reduction in both relative and absolute terms, they were ‘falling behind’. There may be other
intermediary possibilities. Note that at present, we could not assess the statistical significance of differences in relative poverty rates.

9 Our main purpose in this paper is to explore the counting approach identification technique and not poverty measurement. In order
to assess a robust reduction in multidimensional poverty, one may apply a dominance approach (for such a tool, see Yalonetzky 2014)
or assess the statistical significance of change (as was done for Nepal in Alkire et al. 2014b).
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Note that from this point, we are using modified terms and refer to the d columns of the
deprivation matrix—introduced as ‘dimensions’—as indicators, following the language of the
global MPI. The conceptual categories of indicators we henceforth refer to as dimensions.

The subsequent analysis uses the global MPI framework developed by Alkire and Santos (2010,
2014), i.e., we use the same set of ten indicators and, because the global MPI identifies a poor
person using an intermediate criterion, we use the nested set of MPI relative weights (Table 1,
column 3) for both intensity and depth approaches. The global MPI identifies a person as poor if
the person is deprived in one-third or more of weighted indicators (k =1/3). The MPI figures for
Nepal for both 2006 and 2011 are computed using Demographic Health Survey (DHS) datasets
(Alkire et al. 2014a). We use the same datasets, where both datasets have been harmonized following
Alkire et al. (2014b) to preserve strict comparability over time. The harmonized dataset for 2006
contains information on 8,624 households or 41,937 persons; whereas the 2011 dataset contains
information on 5,208 households or 23,864 persons.'’ Both datasets are nationally representative as
well as representative across rural/urban areas and development regions. Households in both 2006
and 2011 were selected through two-stage stratified sampling. All our statistical inferences respect
this complex survey design.

In order to identify the zntensity poor, we use the MPI deprivation cutoffs but increase the poverty
cutoff to define a person to be zntensity poor it the person is deprived in half or more of weighted
indicators. In order to identify the depth poor, we use a set of more stringent deprivation cutoffs. In
this example, a person is identified as depth poor if the person suffers one-third or more of weighted
ultra-deprivations.

The set of indicators, their relative weights, and deprivation cutoffs for identifying the MPI poor are
outlined in the first four columns of Table 1. The next three columns of the table report the
uncensored headcount ratios in 2006 and 2011 subject to the MPI deprivation cutoffs and their
relative changes over time. All uncensored headcount ratios have improved statistically significantly.
The final four columns report the more stringent deprivation cutoffs, which we will refer to as ‘ultra’
cutoffs. They also provide the corresponding uncensored headcount ratios according to the ultra-
deprivation cutoffs and their relative changes between 2006 and 2011.

10° Anthropometric information in 2011 was not collected for women and children from all households. Rather around half of the
sample households were randomly selected for this purpose. Therefore, we wete only able to use half of the samples in 2011 but they
were still nationally representative.
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Table 1: Dimensions, indicators, relative weights, and uncensored headcount ratios

Uncensored Headcount

. . . Relative I Uncensored Headcount Ratio L Ratio for Depth Cutoff in Per
Dimension  Indicator Weight Deprivation Cutoff (MPI) in Per Cent Depth Deprivation Cutoff Cent
2006 2011 Change 2006 2011 Change
1 if any adult or child in the household with 1 if any adult or child in the household with
nutritional information is undernourished nutritional information is severely
Nutrition 1/6 (Adult: BMI<18.5 kg/m? or Child: -2 440 321 6.1 undernourished (Adult: BMI<17 kg/m? or Child:17.4 123 6.6
Health standard deviations from the median -3 standard deviations from the median
weight-for-age z-score); 0 otherwise weight-for-age z-score); 0 otherwise
Mortality U6 1if any child has died in the household; 0 326 226 71 = 1if two or more chﬂdren have died in the 13.4 138 05
otherwise household; 0 otherwise
Schooling  1/6 1 if no household memper has c_ompleted 303 222 6.0 1 if no household memb_er has compl_eted at 100 81 43
five years of schooling; O otherwise least one year of schooling; 0 otherwise
Education 1 if any school-aged child in the household 1 if no children are attending school up to the
Attendance 1/6 is not attending school up to class 8; 0 16.1 84 12.1 age at which they should finish class 6; 0 4.7 25 11.9
otherwise otherwise
" 1 if the household has no electricity; 0 1 if the household has no electricity (no
Electricity 1/18 otherwise 50.7 244 13.6 change); 0 otherwise 50.7 244 136
1 if the household’s sanitation facility is not . . o -
Sanitation  1/18  improved or it is shared with other 756 603 4.4 1 if there is no sanitation facility (open 520 383 59
. - defecation); O otherwise
households; 0 otherwise
;Lolfs:: Q?iﬁiﬁ\ho\lga(tjgfzrnsoatfzav\vlst:f?sess 1 if the household does not have access to
Water 1/18 g we .o~ 171 129 5.5 safe drinking water or safe water is more than 16.5 12.6 5.2
more than a 30-minute walk, round trip; O - - -
; a 45-minute walk, round trip; 0 otherwise
Standard of otherwise
Living + 1 if the household has a dirt, sand, or 1 if the household has a dirt, sand, or dung
Floor 1718 dung floor; 0 otherwise /6.7 700 18 floor; O otherwise (no change) 767 700 18
. . . 1 if the household cooks with dung or wood
Cooking 1 if the household cooks with dung, wood, I ) )
Fuel 1/18 or charcoal: 0 otherwise 86.8 79.3 1.8 (coal/llgnlte/charcoal are now non-deprived); 086.7 79.0 1.8
otherwise
ér:];tg‘fetngf)ﬁz\?vlﬂ dp:e:dirl)otTovvvr:ergorﬁot::n 1 if the household has no assets (radio, mobile
Assets 1/18 . . g- radio, 1V, P '59.2 285 13.6 phone, refrigerator, etc.) and no car; 0 20.0 110 11.3
bike, motorbike, or refrigerator, and does otherwise

not own a car or truck; 0 otherwise

Notes: The statistical tests of differences are one-tailed tests. ***-Statistically significant at a = 1 per cent, **-Statistically significant at a = 5 per cent, and *-
Statistically significant at a = 10 per cent.

* The Deprivation Cutoff (MPI) and the Depth Deprivation Cutoff are the same for this indicator.

Source: Alkire et al. (2014a); Alkire et al. (2014b); plus authors’ computations.
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Figure 1: Robust multidimensional poverty reduction in Nepal between 2006 and 2011
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Although different indicators have changed at different rates, how did their joint distribution
change? This is captured by identifying the share of people suffering from simultaneous multiple
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deprivations. Figure 1 presents the evolution of multidimensional poverty in Nepal between 2006
and 2011. The figure has three panels. Panel A presents the proportion of population that are
multidimensionally poor for all combinations of the two sets of deprivation cutoffs and eighteen
meaningful poverty cutoffs." Multidimensional headcount ratios with respect to the set of MPI
deprivation cutoffs have gone down statistically significantly for all poverty cutoffs ranging between
0.056 and 1. The amount of reduction, along with the 95 per cent confidence intervals, is reported
in Panel B. The depth poverty rates with respect to the set of ultra-deprivation cutoffs have gone
down as well but not statistically significantly for all poverty cutoffs. A statistically significant
absolute reduction was evident for all poverty cutoffs ranging from 0.056 to 0.661. The absolute size
of the reduction and the 95 per cent confidence intervals are presented in Panel C.

The MPI poverty rate (k = 1/3) has gone down from 64.7 per cent to 44.2 per cent (denoted by the
dotted arrow)—20.5 percentage points between 2006 and 2011. This is equivalent to a reduction of
7.4 per cent per annum in relative terms. The proportion of intensity poor has gone down nationally
from 37.1 per cent to 20.8 per cent (denoted by the solid grey arrow)—16.2 percentage points,
which is equivalent to a reduction of 10.9 per cent per annum in relative terms. The reduction
pattern in the MPI poverty rate and the intense poverty rate closely follows the reduction pattern in
the USD1.25/day poverty rate and USD2/day poverty rate in the sense that rates of the more
stringent form of poverty have gone down relatively faster. Similar conclusions however cannot be
reached when we look at the reduction in the depth poverty rate across two years, which has gone
down from 31.9 per cent to 22.6 per cent (denoted by the solid black arrow)—9.4 percentage points.
This is equivalent to a relative reduction of only 6.7 per cent per annum, which is even slower than
the reduction in MPI poverty rate. When we view the more stringent form of multidimensional
poverty through the depth approach, the reduction has not been faster than the reduction in the
MPI poverty rate.

5 Characteristics of multidimensional poverty

The illustration in the previous section clearly suggests that the depth approach and the intensity
approach do not necessarily identify the same set of poor people. In fact, both in 2006 and 2011,
neatly one-third (32.5 per cent and 32.2 per cent, respectively) of MPI poor people were either
identified as depth poor or as intensity poor but not both. In 2006, out of the total MPI poor
population, 57.2 per cent are intensity poor and 49.3 per cent are depth poor. Looking further, 20.2
per cent are only intensity poor, 12.3 per cent are only depth poor, 37 per cent are both intensity
poor and depth poor, and 30.4 per cent are neither intensity poor nor depth poor—they are
moderately poor. Thus, the overlap between the two subsets of the poor is moderate, with 65 per
cent of the intensity poor being depth poor and 75 per cent of the depth poor being intensity poor.
In 2011, of the total MPI poor population 14.1 per cent are only intensity poor, 18.1 per cent are
only depth poor, 33 per cent are both intensity poor and depth poor, and 34.8 per cent are neither
intensity poor nor depth poor—and the overlaps among the depth and intensity poor are 70 per
cent and 69 per cent, respectively.

11 Given the weighting structure, the meaningful poverty cutoffs are multiples of 1/18. The poverty cutoff equal to 0.056 is equivalent
to the union criterion; whereas the poverty cutoff equal to one is equivalent to the intersection ctiterion.
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The analysis in the previous section raises at least two interesting questions.'” First, given that the
depth approach and the intensity approach do not always coincide, are households with certain
characteristics more likely to suffer one form of stringent multidimensional poverty than the other
is? Second, given that the pace of changes in the MPI poverty rate and two different forms of
stringent poverty rates have been different, are the households facing one or both stringent forms of
poverty characteristically different from the households facing only a moderate form of poverty? In
this section, we conduct two exercises aiming to explore these questions using a binary response
logit model and a multinomial logit model. Because our identification is conducted at the household
level and all members residing within a household have the same poverty status, we undertake the
regression analysis at the household level.

In the first exercise, we divide the households into two groups: those that are identified as poor by a
certain identification method and those that are not identified as poor by the same identification
method. Tet us denote the set of households identified as poor by ZH, which may represent,
depending on the situation, the set of MPI poor households, the set of depth poor households, or
the set of intensity poor households. We may assign a value of y, = 1 for any household h if
h € Z" and y, = 0if h € Z!. In this model, we are primarily interested in understanding how the
set of L characteristics is related to the response probability P(h € Z|x}), where the vector
X = (X}, ..., Xf) summarizes the L characteristics of a given household h. In other words, we are
interested in understanding which of the L characteristics are associated with increasing the
probability of a household suffering a particular form of poverty. This can be accomplished by
estimating the following binary response logit regression model:

Hig,) = —2PPotxnB)
P(h € Z2%|xy) = 1+exp(Bo+XxnB) .

where fBy is the constant term and XB = xiB; + - + x£f, and exp(-) is the exponential of its
argument. The sign of the regression coefficient for characteristic [, which we denote by f3;, captures
the direction of change in the probability of being in poverty associated with an increase in x!. For

l

example, a positive sign of f; implies that an increase in x° is associated with an increase in the

probability of being poor.

In a binary response logit model, the change in the probability of being in poverty associated with a
one unit increase in the characteristics is determined by computing the marginal effect (p;) of
characteristic [ as

_ __exp(Bo+%p)
PL= Hrexp(orspl P @

Note that the marginal effect of a particular characteristic depends on the levels of all characteristics
given by the L-dimensional vector X. Thus, the marginal effect of a particular characteristic may be

12 Tt would also be useful to explore the dimensional and subnational composition of depth poverty and its change; that analysis lays
beyond the scope of this paper (See Alkire et al. 2014a; Alkire and Robles 2015).
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different if evaluated at a different vector of values. If any characteristic | is a dummy vatiable, then
its marginal effect is the difference between the probability values evaluated at 1 and at 0, while
keeping the values of other characteristics unchanged. Typically, marginal effects are reported at the
average of the characteristics, and we do the same in this paper.

The regression coefficients in the logit model have another interesting interpretation in terms of the
odds of being in poverty. Using the response probability, the odds of household h being in poverty
can be computed as

P(hEZH|Xh) _ P(hEZH|Xh)
pP(hezH|xp)  1-P(heZH|x

> = exp(fBo + X B) = exp(Bo) X [Tis exp(xaf). (3)

In other words, the odds for a household being in poverty are the ratio of the probability of the
household being in poverty to the probability of the household not being in poverty. If the
probability of being in poverty is equal to that of not being in poverty, then the odds for being in
poverty are even. If the probability of being in poverty is larger than the probability of not being in
poverty, then the odds of being in poverty are less than one; whereas if the probability of being in
poverty is less than the probability of not being in poverty, then the odds of being in poverty are
larger than one. It is straightforward to check that whenever ff; > 0, a one-unit increase in X; is
associated with a [exp(f;) — 1]X100 per cent increase in the odds of being in poverty. Similarly,
whenever f; < 0, a one-unit increase in x; is associated with a [1 — exp(8;)]X100 per cent decrease
in the odds of being in poverty."

In the second exercise, we restrict our sample to only MPI poor households and divide them into
four groups: neither intensity nor depth poor (M), depth but not intensity poor (D), intensity but not
depth poor (I), and both intensity and depth poor (B). We denote any of these four groups by m.
We now explore which characteristics are associated with a household falling in one of these four
groups of MPI poor households. We know clearly that group M consists of the least poor
households and group B consists of the poorest households, but we cannot make any claim on
which group is poorer among group D and group I. We thus use the multinomial logit model
(MNL), which is a categorical variable model where categories of the dependent variable cannot be
ordered.

We assign a value of y* =1 to any MPI poor houschold h if h € ZH|h € Z® and y[* = 0 if
h ¢ ZH|h € ZH, where ZH is the set of MPI poor households and ZH is the set of MPI poor
households falling in group m. Let us denote the probability of the MPI poor household h falling in
group m by T, such that ) + f + ) + mf = 1. The MNL model can be written as

m _ >H H. _exp(ygt+xpy™)
n* =P(he Zihezt;x,) = T exp (T ey (4)

13 For a detailed discussion, see Chapter 10 of Alkire et al. (2015a).
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where Y2 is the constant term and X, Y™ = xiy™ + -+ + x5y for all m = M, D, I, B. Note that
in this case, we need to estimate four constant terms and 4 X L parameters. In order to obtain a
unique solution of these parameters, it is usual practice to set (Theil normalization) exp(yg§* +
Xp,Y™) = 1 for any one category. We aim to obtain our result with respect to group M and so we
set exp(y{! + x,¥M) = 1. The revised probabilities with this normalization may be written as

1
= :
1+ exp(r + xp¥P) + exp(Ve + xp¥) + exp(rE + x,Y5)
b exp(yg +Xpy")

"1+ exp(r + x,¥P) + exp(V] + x, Y1) + exp(yE + x,¥E)

exp(yp + xpY")
1+ exp(y? + x,YP) + exp(¥d + xp¥") + exp(y& + x,¥8)

T}, =

5 exp(y§ +XpY"?)
™1+ exp(yd + x,YP) + exp(y{ + x,¥!) + exp(y§ + x,¥E)

Using these revised probabilities, the MNL model that we are required to estimate may be written as
Th _ D L l.,,D
o = exp(yo) X [Ti=1 exp(xpy1), (5)

1
2 = exp(y$) x [Thor exp(iy), (©)

sy}

TTh

i = exp(y§) % [1=1 exp(xhyP). (7)

Note that these equations resemble the log-odds in equation (3) with similar interpretations.
Consider any parameter, say, yP. If yP >0, a one-unit increase in x; is associated with a
[exp(¥P) — 1]X100 per cent increase in the odds of being only depth poor compared to being neither
depth nor intensity poor. Similarly, whenever yP < 0, a one-unit increase in X; is associated with a
[1 — exp(B;)]X100 per cent decrease in the odds of being only depth poor compared to being neither
depth nor intensity poor. The marginal effect or the change in probability of being in any of these four
groups due to the change in any of the exogenous variables may be similarly computed using the
revised probabilities reported above.

For our application, we consider different household characteristics, such as the size of each
household, the number of members per sleeping room, the share of working-age male members (15-
60 years old), the dependency rate or the share of children (younger than 14 years) and elderly
members (older than 60 years), and each household’s land ownership information, as well as certain
characteristics of head of each household, such as the head’s gender, age, and years of education.
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Unfortunately, the occupational information is not available for all households in the DHS, and so
we instead use the share of working-age male members within each household as a proxy.'* Table 2
presents summary statistics of various characteristics in 2006 and 2011 across the entire sample. The

average values of different characteristics, except land ownership, show statistically significant
changes between 2006 and 2011.

Table 2: Summary statistics of household characteristics in 2006 and 2011

Population Characteristics in Nepal 2006 2011 Change
Average share of children and elderly members (per cent) 44.6 41.9 -2.7

Average share of working-age male members (per cent) 38.7 36.4 2.3
Average household size 4.9 4.4 0.5
Average number of household members per bedroom 2.9 2.4 0.4
Average land holding (ha.) 0.41 0.42 0.01

Share own land usable for agriculture (per cent) 68.1 67.5 -0.6

Average land holding for usable land (ha.) 0.61 0.63 0.02

Share of household with male head (per cent) 76.6 70.5 6.1
Average age of household heads (years) 44.2 455 1.3
Average years of education of household heads 3.4 3.7 0.3 ”

Notes: The statistical tests of differences are one-tailed tests. ***-Statistically significant at a = 1 per cent, **-
Statistically significant at a = 5 per cent, and *-Statistically significant at a = 10 per cent.

Source: Authors’ computations.

Although most characteristics changed between 2006 and 2011, are some of these characteristics
associated with particular forms of multidimensional poverty, irrespective of the time period? We
explore the relationship by pooling the household survey datasets for both years, which allows us to
purge the time-specific effects. Table 3 reports three sets of regression results for MPI poverty,
intensity poverty, and depth poverty. The dependent variable for MPI poverty regression is 1 if a
household is MPI poor and 0 otherwise; the dependent variable for intensity poverty regression is 1
if a household is intensity poor and 0 otherwise; and the dependent variable for the depth poverty
regression is 1 if a household is depth poor and 0 otherwise. The first column of the table reports
different characteristics. Within each of the three sets of regression results, the first column reports
the regression coefficients (g and B as in Equation (1)) and their statistical significance, the second
column reports the marginal effects of the characteristics (p; as in equation (2)), and the third
column reports the exponential coefficients (exp(f;) as in Equation (3)) reflecting the changes in
the odds of being in poverty.

Let us first look at the MPI poverty regression results. As expected, the estimated coefficients show
that the probability of being in MPI poverty is higher for households with a higher dependency rate
and a larger number of household members per bedroom. The probability is lower for households
with a larger share of working-age male members and with heads completing more years of
education. The probability of being in MPI poverty is lower in urban areas than in rural areas and in

14 This is admittedly imperfect and is used merely for the purpose of illustration. The Nepal Labour Force Survey 2008 Statistical
Report (Government of Nepal 2009) reveals that the labour force participation rate of adult males was 87.5 per cent, whereas that of
adult females was 80.1 per cent. For those who were employed, a much larger fraction of males were employed outside the
subsistence agricultural sector and on average males worked neatly 8.3 hours more per week than females. Therefore, on average,

larger economic support may be expected from working males within households. Note that this should not be generalized for all
households.
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year 2011 than in year 2006. Interestingly, however, the probability of being in MPI poverty is larger
for single-member households and households with male heads. Now the question is which of these
characteristics are attributed to a larger change in the probability of being in MPI poverty.
Surprisingly, the probability of an average household to be in multidimensional poverty increases by
0.307 units if the household consists of only one member."” In other words, the odds of being in
MPI poverty increase by 376 per cent [(4.76—1]X100] or 3.76 times for single member households.
The probability of an average household being in MPI poverty increases by 0.075 units if the
number of household members per bedroom goes up by one unit from the average, and the
probability strongly decreases by 0.351 units if the average household lives in an urban instead of
rural area.

How are these characteristics related to the probability of being in intensity poverty or in depth
poverty? Some characteristics that are consistently related to both intensity poverty and depth
poverty in ways similar to how they are related to MPI poverty are the dependency rate, the share of
working-age male members, male household head, household head’s years of education, and
whether the households reside in urban areas. This is not surprising; as described above, more than
65 per cent of the members of one group are also poor according to the other. However, there are
some interesting differences. One noticeable difference is that, like MPI poverty, there is a large
increase in the probability of being in depth poverty (0.434 units) for the single-member households;
whereas no significant change in the probability of being in intensity poverty for these households is
observed. Instead, the probability of being in intensity poverty increases with an increase in
household size. Second, the land ownership variable is differently related to different forms of
poverty. Whether a household owns any land usable for agriculture does not influence the
probability of being in MPI poverty but does influence the probability of an average household
suffering both forms of stringent multidimensional poverty. Note that the increase in the probability
of being in depth poverty (0.53) is more than twice as high as the increased probability of being in
intensity poverty (0.25).

This first exercise shows how characteristics may be associated in similar or different ways with
different forms of poverty without shedding any light on whether the moderately poor are
characteristically ~different from the poor population facing more stringent forms of
multidimensional poverty. In the second exercise, we restrict our sample to only those who are
identified as MPI poor. The intensity approach and the depth approach then divide this truncated
sample into four groups as we discussed while introducing the MNL earlier. We present the second
set of regression results in Table 4, exploring which characteristics are associated with a household’s
odds of falling in any of the three poorer groups compared to group M. The first column reports the
same set of characteristics as in Table 3. Within each set of regression results presented in the next
six columns, the first column reports the regression coefficients (yg* and y™) and the second
column reports the exponential coefficients reflecting the changes in the odds of being in any poorer
group compared to being neither depth nor intensity poor. The marginal effects or changes in
probability of being in any group due to changes in different exogenous characteristics are reported
in the final three columns. Figures in the last column are the most important for empirical analysis.

15 The shates of single-member households were 5.1 per cent and 5.6 per cent in 2006 and 2011, respectively.
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Table 3: Household characteristics and the probability of being in different forms of multidimensional poverty

Household Characteristics!¢ MPI Poverty Intensity Poverty Depth Poverty

Coefficient II\E/If?;gl[nal CE:)(()F;f Coefficient :\E/If?ég'tnal E)ézf Coefficient '\E/lf?ég'tnal CE;)(()[()ef
Dependency Rate (per cent) 0.011 0.003 1.01 0.012 0.002 1.01 0.008 0.001 1.01
f:rftr)e of working-age male members (per 5 499 -0.003 0.99 -0.006 -0.001 0.99 -0.009 -0.001 0.99
Household size: six or more (Dummy) 0.050 0.013 1.05 0302 0040 135 0.002 0.000 1.00
Single-member household (Dummy) 1565 0339 478 -0.045 -0.006 0.96 1.981 0432 725
Household members per bedroom 0295 0074 1.34 0256 0032 1.29 0117 0018 112
Own land usable for agric. (Dummy) -0.083 -0.021 0.92 0172 ~  -0022 = 084 0325  -0052 0.72
Male household head (Dummy) 0970 0234 264 0721 0081 206 0941 0128 256
Household head's age 0029 ~ 0007 ~  1.03 0032 0004 103 0024 0004 102
Household head’s age square 0001 0000 1.00 0001 0000 1.00 0000 0000 1.00
Head'’s years of education 0262 ~ -0.065 0.77 0260  -0.033  0.77 0341 -0053 071
Head's years of education square 0.000 0.000 1.00 -0.003 0.000 1.00 0010 0002 1.01
Urban areas (Dummy) -1.587  -0351  0.20 41332 7 0122 7 026 -1.526 -0170 0.22
Eastern region (Dummy) 0704 7 0172 7 050 -0.603 -0.068 0.5 0508  -0.073  0.60
Central region (Dummy) 0532  -0132 059 -0.263 0032 = 077 -0.080 -0.012 0.92
Western region (Dummy) 0721~ 0176 0.9 0531  -0.060  0.59 0556  -0.079 057
Far-Western region (Dummy) 0.234 0.059 1.26 0.166 0.022 1.18 0.225 0.037 1.25
Year: 2011 (Dummy) -0.848 0209 043 -0.748 -0.097 047 0422  -0066  0.66
Constant 0.441 -1.102 T 0832
Number of Observations 13,826 13,826 13,826
F Statistic 87.5 80.7 56.3

Notes: ***-Statistically significant at a = 1 per cent, **-Statistically significant at a = 5 per cent, and *-Statistically significant at a = 10 per cent.

Source: Authors’ computations.

16 Population shares for each group are presented in Appendix B.
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Table 4: Household characteristics and the probability of MPI poor households being in different poverty groups

Only Depth Poor Only Intensity Poor Both Intensity & :
(D) 0 Depth Poor (B) Marginal Effects
Only Both Depth
Household Characteristics!’ Coefficient Exp. Coefficient Exp. Coefficient Exp. Only Depth Intensity & Intensity
Coef. Coef. Coef. Poor (D) =

oor (I) Poor (B)
Dependency Rate per cent -0.001 _ 1.00 0.009 ~ 1.01 0.007 ~  1.01 0001~ 0.001 " 0.001
?:rir)e of working-age male members (per -0.005 0.99 -0.002 1.00 -0.005 1.00 0.000 0.000 -0.001
Household size: 6 or more (Dummy) -0.166 0.85 0307 7 136 0266 ~  1.30 -0.0477 0029 ” 0.054 7
Single-member household (Dummy) 2104 7 8.20 -1.600 77 0.20 0899 7 246 0367 7 -0143 7 -0.008
Household members per bedroom -0.052 0.95 0204 7 123 0138 7 115 -0.0217 0019 7 0024 7
Own land usable for agric. (Dummy) -0.117 0.89 0.194 1.21 0296 ~ 0.74 -0.003 0.038 7 -0.068"
Male household head (Dummy) 0683 ~  1.98 0.288 1.33 0.686 ~  1.99 0.052 7 -0.011 0.098
Household head’s age 0.019 1.02 0.023 1.02 0.028 1.03 0.001 0.001 0.004
Household head’s age square 0.000 1.00 0.000 1.00 -0.001 7 1.00 0.000 0.000 0.000 ~
Household head’s years of education 0312 7 073 0126 7 0.88 0380 7 0.68 -0.020 " 0.010 ° -0.060
Household head’s years of educ. Square  0.028 =~ 1.03 -0.004 1.00 0.018 7 1.02 0.003 7 -0.002 7 0002 7
Urban areas (Dummy) 0575 7 056 -0.2908 7 0.74 -0.923 7 0.40 -0.031" 0.013 01427
Eastern region (Dummy) -0.056 0.95 -0.274 0.76 0484 7 0.62 0.026 -0.011 -0.088""
Central region (Dummy) 0.226 1.25 -0.197 0.82 0.085 1.09 0.034 °© 0032 ” 0.014
Western region (Dummy) -0.393 ” 0.68 -0.350 0.70 -0.413 0.66 -0.025 -0.014 -0.053
Far-Western region (Dummy) 0.143 1.15 0.050 1.05 0.160 1.17 0.010 -0.005 0.025
Year: 2011 (Dummy) 0.146 1.16 -0543 7 058 0363 7 0.70 0.057 7 -0.051 7 -0.064"
Constant -1.280 7 0.28 -1.678 7 0.19 -0.264 0.77

Number of Observations: 7464
F Statistic = 20.95

Notes: ***-Statistically significant at a = 1 per cent, **-Statistically significant at a = 5 per cent, and *-Statistically significant at a = 10 per cent.

Source: Authors’ computations.

17 Population shares for each group are presented in Appendix B.
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Household characteristics whose effect on the odds of being in any of these three groups compared
to being in group B is negligible are dependency rate, share of working-age male members, and
household head’s age. Marginal effects of these characteristics are quite different across groups D, I,
and B. The probability of being in group D and in group B compared to being in group M increases
statistically significantly for households with a male head, for households with heads who have fewer
years of education, and for households residing in rural areas. The differences in probabilities are
much higher for the poorest group B, which implies that these three characteristics are quite
important in differentiating the poorest group B from the least poor group M. Marginal effects of
these characteristics are either statistically insignificant or of lower magnitude for group I.

Being in a single-member household increases the probability of being in group D compared to
being in group M by 0.367 probability points; whereas the same characteristic reduces the
probability of being in group I compared to being in group M. For large households (6 or more
members), the probability of being in group I and in group B compared to being in group M
increase. Quite interestingly, the ownership of usable land for agriculture appears to affect the
affiliation to the poorest group. This characteristic reduces the probability of a household being in
group B compared to being in group M by 0.068 probability points.

6 Concluding remarks

The primary objective behind identifying the poorest is to ensure that they are not left behind and
less likely to enjoy the benefits of poverty reduction. In this paper, we have explored how the
poorest may be identified through the counting-based identification method proposed by Alkire and
Foster (2011). We especially concentrate on two different approaches one may undertake to identify
a subset containing the poorest of the poor population: the intensity approach and the depth
approach. An obvious concern one may raise is ‘How much difference does it make whether the
poorest are identified through one approach over the other’.

We try to explore this concern by investigating the pattern of multidimensional poverty reduction in
Nepal, where the overlap between intensity and depth poverty is only moderate. The country has
reduced the stringent form of monetary poverty measured by the USD1.25/day poverty rate faster
than the more moderate form of poverty measured by the USD2/day poverty rate. We however
could not conclude the same in terms of multidimensional poverty reduction. Although the MPI
poverty rate of the country has gone down sharply between 2006 and 2011, the pace of the more
stringent form of poverty reduction has been ambiguous, depending on the approach we use for
identifying the poorest. The intensity poverty rate has gone down much faster than the MPI poverty
rate, but the reduction in the depth poverty rate has been slower.

It has been argued in the literature, as we have discussed in the introduction, that the poorest may be
characteristically very different from the moderately poor. Our findings based on the two exercises
that we perform in Section 0 of this paper support this point. The first exercise divides the
population into two groups by three different criteria: MPI poor vs. non-MPI poor, intensity poor
vs. non-intensity poor, and depth poor vs. non-depth poor. Applying a binary response logit
regression model, we find that certain characteristics are common across different forms of
multidimensional poverty, whether it is MPI poverty or any of the two types of stringent poverty,
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but certain characteristics are indeed associated with different forms of multidimensional poverty.
For example, landlessness is more related to depth poverty than to intensity or MPI poverty.

In our second exercise, we restrict our attention to the sample of MPI poor only and then divide the
sample of MPI poor into four groups, where the least poor group consists of those who are neither
depth nor intensity poor and the most poor group consists of those who are depth as well as
intensity poor. The other two groups of MPI poor are those that are only depth poor and only
intensity poor. Applying a multinomial logit regression model, we found five characteristics—
urban/rural residence, ownership of land usable for agriculture, household size, and household
head’s years of education and gender—played a crucial role in the Nepalese context in distinguishing
the moderately poor from the poorest of the poor.

Both approaches to identifying the poorest among the poor add value because each of them
captures a unique form of stringent poverty. Given that both approaches disagree somewhat in the
identification of the poorer, it is crucial to apply both approaches and study their levels, trends, and
the characteristics associated with them in a larger set of countries in order to understand the
dynamics of stringent poverty better. Given the current global attention on extreme poverty
alleviation, it is important that the poorest are identified properly.
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Appendix A

Proof of the theorem

Suppose the deprivation matrix corresponding to any X € R%*? and z € RY is g such that g; =1
if x;; <z and g;; = 0 if x;; = z;. The deprivation score of any person i is computed as ¢; =
Zj-izlegij. Any person I is poot, ie., i € Z, if ¢; = k and person i is not poor, i.e., I € N\Z, if
Ci < k.

(1) Let us prove the necessary and sufficient condition whenever k € (0, min{wy, ..., wg}]. In this
case, for all i € N\Z, g;; = 0 for all j € D, and for all i € Z, g;j = 1 for at least one j € D. To
prove the sufficiency condition, consider the deprivation cutoff vector Z such that Z < z. We denote
the corresponding deprivation matrix by _g such that g;; = 1 if x;; < Zzj and g;; = 0 if x5 = Z;.
Let us denote the set of poor persons by Z. Following Z < z, for any (i, j), g;; = 0 implies g;; = 0.
Thus, i € N\Z implies i € N\Z or N\Z € N\Z, which in turn implies Z € Z. In order to prove the
necessary condition, suppose i € N\Z. Suppose further for any j € D that Z; > x;; = z; and
w; = k. Then, i € Z. Hence, Z is not a subset of Z.

(2) Next, let us consider the situation whenever k = 1. In this case, for all i € Z, g;; =1 for all
J €D, and for all i € N\Z, g;j = 0 for at least one j € D. To prove the sufficiency condition,
consider the deprivation cutoff vector Z < z and k = 1. We denote the corresponding deprivation
matrix by § and the set of poor by Z. As the proof of (1) above, for any (i, ), gij = 0 implies
gij = 0. Then i € N\Z implies i € N\Z, which in turn implies Z € Z. In order to prove the
necessary condition, we need to show that Z is not a subset of Z either if Z £ z or if k < k = 1.
Consider any i € N\Z such that x;; = z; for all j € D' € D and x;; < z; for all j € D\D'. First,
suppose k = 1 but Z; > x5 =2 zjforall j€D. Then i € Z and so Z is not a subset of Z. Second,

suppose Z < zbut 0 <k < ¢; <k = 1. Then i € Z despite i € N\Z. Hence, Z is not a subset of
Z.

(3) Finally, let us consider the situation whenever k € (min{wy, ...,wz}, 1). In order to prove the
sufficiency condition, suppose Z < z, k = k and W = w. Consider any i € N\Z. Then, ¢; < k. If
Z < z, then forany j € D, 9ij = 0 implies g;; = 0. In Eddition, ifw =w, then EL-_= Z?zl w;jgij <
Z?zl w;gi; = ¢;. Finally, if k > k, then definitely ¢; < k and so i € N\Z. Hence, Z C Z.

In order to prove the necessary condition, we need to prove that Z is not a subset of Z either if
Z<%zorif k <k orif W= w. Consider any i € N\Z so that ¢; < k. First, consider a situation
when k >k and W = w, but Z; > x;j 2 z; for some j € D' € D such that Yjep' Wj = k. Thus,
C; = k and so i € Z. Hence, Z is not a subset of Z. Second, consider a situation when Z < z and
W=w, but k < ¢; < k. Then also i € Z and hence Z is not a subset of Z. Finally, consider a
situation when Z < z and k = k, but w # w. Suppose, for some j € D' € D, ZjED’ w; < k such
that ¢; < k, but Y jepr W; = k, which implies ¢; = k. Then i € Z and so Z is not a subset of Z. This
completes the proof.
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Appendix B

Per cent changes in poverty rates by different characteristics in Nepal between 2006 and 2011

Household Population

Share in Per Share in Per MPI Poverty Rate in Per Intense Poverty Rate in Per Depth Poverty Rate in Per

Cent Cent Cent Cent Cent

Relative Relative Relative

Variable 2006 2011 2006 2011 2006 2011 Change 2006 2011 Change 2006 2011 Change
Dependency rate
No dependence 141 186 7.2 10.9 385 230 98 7 119 57 139 7 183 134 6.1
0.01-0.40 219 228 232 254 56.6 342 -9.6 282 129 -145 7 267 168 -8.8
0.41-0.50 286 269 30.7 290 63.8 437 -7.3 349 200 -106 315 227 -6.4
0.51-1 355 317 39.0 347 752 586 4.8 - 486 321 -8.0 379 296 -4.38 -
Household size
1 member 5.1 5.6 1.1 1.3 639 511 -4.4 153 6.0 171 7 538 436 -4.1
2-5 members 62.2 688 473  56.2 571 380 -7.8 292 159 -115 7 271 184 -7.4
6 or more members 327 257 517 426 717 521 -6.2 - 447 278 91 359 274 -53 ”
Bedroom(s) per person
0.5 or more 440 583 32.0 469 495 295 98 203 92 146 7 232 144 91
0.25-0.49 412 330 474  40.6 669 515 -5.1 - 380 257 -75 31.7 270 -3.2 '
0-0.24 148 87 206 125 835 754 -2.0 609 48.1 -4.6 i 461 389 -3.3
Male members (age 15-60)
No male member 243 288 16.3  21.0 687 516 -56 376 236 -89 368 255 -7.1
21;5n?bpeerrsce”t male 59.7 56.3 67.6 64.6 663 448 15 391 223  -10.6 318 227 6.6
More than 50per cent males 16.0  14.8 16.1 144 543 306 -109 7 280 102 -183 7 275 178 -83 3
Land Ownership
No Land 319 326 28.1 309 59.8 484 -4.1 i 365 261 -65 - 31.8 284 22
Marginal (0.1 ha or less) 165 16.6 159 165 68.6 480 -6.9 ” 405 221 -114 77 383 228 -9.9
Small (0.1-0.5 ha) 216 230 206 223 68.0 482 -66 370 229 92 293 223 53 7
Medium & Large (>0.5ha) 30.1  27.9 353 304 650 349 -11.7 7 360 131 -182 7 307 167 -114 7
Gender of HH head
Female 234 294 174  24.0 63.7 446 -6.8 - 340 221 -83 319 204 -86
Male 76.6 70.6 826 76.0 650 441 -75 377 204 116 319 233 -6.1
Age of HH head
30 years or less 21.0 183 16.4 145 609 481 -4.6 - 354 264 5.7 - 30.7 237 51 -
30 and 60 years 62.3 642 67.4 68.6 66.4 448 -76 394 211 -11.7 7 333 231 -7.0
Older than 60 years 16.7 175 16.2 17.0 61.8 386 -9.0 T 288 146 -127 7 276 194 -6.8

Education of HH head
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Household Population

Share in Per Share in Per MPI Poverty Rate in Per Intense Poverty Rate in Per Depth Poverty Rate in Per

Cent Cent Cent Cent Cent

Relative Relative Relative

Variable 2006 2011 2006 2011 2006 2011 Change 2006 2011 Change 2006 2011 Change
No education/preschool 475 451 46.7  46.0 775 60.2 -4.9 48.1 334 -7.0 i 43.4 345 -45 N
Primary completed 234 211 253 219 712 469 80 7 398 185 -142 7 296 182 -9.2
Secondary completed 226 258 228 252 429 220 -125 7 193 53 228 7 175 100 -106
Higher education 6.5 8.0 5.2 6.8 144 9.4 82 7 20 0.4 269 7 40 2.6 -8.3
Development regions
Eastern 219 248 21.8 237 62.2 374 -97 - 319 159 -130 277 167 -9.6
Central 353 331 33.4 325 50.0 46.2 -4.38 : 366 235 -85 - 319 286 -2.2
Western 228 215 227 210 626 334 -118 7 319 137 -155 7 287 119 -161
Mid-western 108 115 104 124 728 591 -4.1 i 425 292 7.2 - 326 320 -0.3
Far-western 9.2 9.1 11.7 10.3 826 577 -6.9 i 530 278 -121 458 273 -9.8 -
Rural/urban
Rural 832 86.3 850 87.2 713 484 -75 414 232 -110 7 358 251 -6.8
Urban 16.8 13.8 150 12.8 27.4 154 -109 125 47 177 7 102 52 125 7
Nepal 100 100 100 100 647 442 7.4 T 371 208 -10.9 T 319 226 -6.7 i

Notes: The statistical tests of differences are one-tailed tests. ***-Statistically significant at a = 1 per cent, **-Statistically significant at a = 5 per cent, and *-Statistically
significant at a = 10 per cent.

Source: Authors’ computations.
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