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Abstract

The importance of taking into account multidimensionality in poverty measurement
has been recently emphasized. The poverty alleviation literature has not, however,
yet addressed the important issue of policy design for efficient multidimensional
poverty reduction. From a positive perspective, it is regularly observed that different
poverty dimensions are often correlated and mutually reinforced, especially over
time. From a normative perspective, it can be argued that, in addition to being
concerned with impacts on multiple dimensions of poverty, policy should also
consider impacts on their joint distribution. The paper integrates these two
perspectives into a consistent policy evaluation framework. Targeting dominance
techniques are also proposed to assess the normative robustness of targeting
strategies. The analytical results are applied to data from Vietnam and South Africa
and illustrate the role of both normative and positive perspectives in designing
efficient multidimensional poverty targeting policies.
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1 Introduction

It is commonly argued that an adequate measurement of paestiires taking into
account both the levels of welfare in various dimensionsitdrest and interactions across
those dimensions. This matters both for identifying thetidimhensional poor and for
measuring the magnitude of their poverty (see for instané#&eédand Foster 2011 and
Bourguignon and Chakravarty 2003).

Although the policy importance of taking into account mdiltnensional linkages has
also been stressed, means and objectives have sometinmesdrdesed. The social ob-
jective of policy is indeed rarely explicitly set in termsmtltidimensional poverty reduc-
tion.!For instance, although transfer rules regularly rely ontipi@l means and proxies,
reducing unidimensional monetary poverty is often theesalpolicy objective. A promi-
nent example is the use, in many Latin American countriesyjdfidimensional eligibility
proxies to allocate conditional cash transfers (CCT) to-loeome families, with the usual
aim of reducing income poverty.

The objectives of the paper are 1) to set poverty reductiomddly into a normative
multidimensional poverty setting and 2) to design efficiamgeting rules in that setting.
We are not aware of previous work that does this. The papergbts the social objec-
tive function in terms of multidimensional poverty redwuetiand then works towards that
normative objective by taking into account the effets ofigobn the joint distribution
of dimensions of well-being. In doing this, the paper coasidthree particular (norma-
tive and empirical) manners through which targeting magafiultidimensional poverty:
through a direct effect on the targeted dimension, throumgindirect effect on the level of
joint deprivation, and through a spill-over effect on theetdimensions.

The paper thus considers interdependencies of policytefeeross multiple depriva-
tions, as advocated in the 2009 Report of the Commission e@iikasurement of Eco-
nomic Performance and Social Progress (see Stiglitz, $ekidoussi 2009):

“[T]he consequences for quality of life of having multiplesddvantages far
exceed the sum of their individual effects. Developing meas of these cu-
mulative effects requires information on the ‘joint dibtrtion’ of the most
salient features of quality of life across everyone in a ¢oguthrough ded-
icated surveys. (...) When designing policies in specifil$ieimpacts on

10ne exception is th€hile Solidario program, which has the explicit objective of reducing naliftien-
sional poverty (Fiszbein and Schady 2009).



indicators pertaining to different quality-of-life dimsions should be consid-
ered jointly, to address the interactions between dimessimd the needs of
people who are disadvantaged in several domains.” (pp6)5-1

To assert clearly whether policy is deemed to reduce unidsm@al or multidimen-
sional poverty is importartt. As pointed out by Azevedo and Robles (2010), focussing
policy on unidimensional poverty measurement may lead talaefficient fall in mul-
tidimensional poverty. Using multidimensional povertglices to design policies whose
objective is rather to reduce unidimensional poverty ie aisfficient. This is a point made
by Ravallion (2011), who argues that, to reduce income ppyvielis better to target the
income poor, and that to reduce deprivation in access ta@séivices, it is analogously
better to target independently those that are deprivedadf services. Using a multidimen-
sional index of poverty (MIP) that mixes up the two dimensican lead to a sub-efficient
reduction of unidimensional income and public servicesepyv

“The total impact onrfultidimensional) poverty would be lower if one based
the allocation on the MIP [multidimensional index of poygmather than the
separate poverty measures — one for incomes and one forsaccgsrvices.
It is not the aggregate index that we need for this purposésabmponents.”
(Ravallion 2011, p. 240, our emphasis)

Unlike Ravallion (2011), however, this paper supposes ttafolicy objective is to
reduce multidimensional poverty and not to reduce poversgparate multiple dimensions
(as is meant by the italicized term in the above citationp &sown as the “dashboard”
approach to multidimensional poverty).

This being said, how to capture ‘interactions between dsitars’ and measure the im-
portance of ‘disadvantages in several domains’ (recalijtleation from Stiglitz, Sen, and
Fitoussi 2009 above) is an important source of ambiguity@ratbitrariness in the multi-
dimensional poverty literature. Several multidimensigaverty indices have indeed been
proposed, and none of them has emerged as necessarilytbattell of the others. To ad-
dress this difficulty, the paper focuses on ‘intersectiongpty indices’ since these indices

2This issue is central in an ongoing United Nations debate loetlaer the next round of Global Devel-
opment Goals (initially termed Millennium Development Goim 2000, set in 2015 to become Sustainable
Development Goals, see http://sustainabledevelopmentg/) should set multidimensional poverty indices
alongside income poverty measures.



can be used to check the ‘dominance’ of targeting policiess showing the normative
strength of any proposed targeting prescription.

It has also been well known for some time that an appropreatgeting indicator to
reduce a poverty index is not necessarily the poverty intdexfi— see for instance Kanbur
(1987) and Besley and Kanbur (1988) in the context of unidisi@al poverty reduction.
Referring to their MIP, Alkire and Santos (2010) suggestitfaould be used to target the
poorest, track the Millennium Development Goals, and degaicies that directly address
the interlocking deprivations poor people experience.” Ijp Although the intention is
clear (to reduce a MIP), itis unclear how the MIP itself carobdirect policy use. Rather,
it would seem that explicit policy rules need to be derivedetduce efficiently a MIP. As
shown in the paper, these rules are generally not straigtdfd transformations of that
MIP.

The paper then proceeds as follows. Section 2.1 presemsithieimensional poverty
indices used in the paper. For expositional simplicity,ghper focuses on bidimensional
poverty, although the insights and results can be extermletbte than two dimensions.
Section 2.1 also explains how one can assess where povérbpisstly” (in a normative
sense) greater using these multidimensional indices. i$hiene by building dominance
surfaces based on intersection indices, thus justifyirsgaper’s subsequent focus on such
indices. These links between multidimensional intersedtidices and poverty dominance
surfaces are used later on to provide targeting policiesatteaefficient over a wide set of
procedures for measuring multidimensional poverty.

Section 2.2 discusses the (theoretical) impact on mulgdsional poverty of target-
ing one dimension, for stylized additive and multiplicatiransfers. Section 2.3 derives
conditions for determining which population subgroup dtdie targeted first such as to
reduce poverty fastest. Section 2.4 enriches these résudtdowing for inter-dimensional
spill-over effects. Section 2.5 defines multidimensioaajéting dominance surfaces and
assesses whether priority rankings for group targetingoéimer types of targeting schemes
are normatively robust over classes of multidimensionakpty indices.

The application of these analytical results is then illatgtd in Section 3 with data from
Vietnam (1992-1993) and South Africa (1993). Interestimgjghts emerge. For instance,
it is shown that combining direct effects, joint deprivatieffects, and spill-over effects
can change significantly our understanding of the povertyaieh of targeting. It is also
observed that efficient rules for the geographical deckrataon of targeting funds may
differ according to whether it is unidimensional or multidénsional poverty that national



authorities wish to reduce. The efficiency of socio-ecoralibcation rules is also deter-
mined by the type of multidimensional poverty indices ang inge of poverty frontiers
that are the objects of policy as well as by the type of trasdfeat are envisaged. Section
4 provides a brief conclusion.

2 Framework

2.1 Measurement and robustness

It is one thing to concur that poverty is multidimensionalisianother to agree on a
specific procedure to measure it. The literature has beddimgiup a stock of various
multidimensional indices over the recent years; see amewngral others Chakravarty,
Mukherjee, and Ranade (1998), Tsui (2002), BourguignonGmakravarty (2003), and
Alkire and Foster (2011). All such indices have the potémbi@rder the extent of poverty
differently across distributions. This also means thay timaly provide different policy
guidelines, especially regarding the design of targetahgmes.

One way to circumvent this problem is to seek unanimity ofgyoguidance across
classes of poverty measurement procedures. To do this |lwe/the measurement frame-
work of Duclos, Sahn, and Younger (2006) (DSY, for short)jalitwe now briefly sum-
marize. DSY starts by defining well-being (measured, forosiponal simplicity, over
two dimensions of well-being; andy) as a functionp(x, y) that increases in both and
y. An unknown poverty frontiep(z, y) = 0 that separates the poor from the rich is sup-
posed to exist, a frontier over which individual well-beisgequal to a “poverty level” of
well-being, and below which individuals are in poverty. T8et of the poor is then given
by A(¢) = {(x,v) |(¢(z,y) < 0}. Multidimensional additive poverty indices can then be
represented by

P(g) = / / r(x,y: 6) dF (. ), 1)
A(9)

wherer(z,y; ¢) is the contribution to poverty of an individual with well-ing indicators
x andy and whereF(z, y) is the joint distribution ofr andy.

Let 7%, #¥ and7*¥ be first-order and cross-derivativesofwith respect tar andy,
respectively. DSY then defines a first-order clE$$(¢*) of bidimensional poverty indices



as:

A(¢) € A(9")

7(x,y; ¢) = 0, whenevew(z,y) =0
™ < 0andw? < 0Vz,y

™ >0, Va,y.

(2)

The indices that belong fd"! (¢*) must consider as potentially poor only those individuals
that belong to the largest reasonable poverty set, defined &%). The indices must also
be continuous along the poverty frontier, be weakly deengas = and iny, and be such
that the marginal poverty benefit of an increase in either y decreases with the value
of the other variable. Atkinson and Bourguignon (1982) rédethis latter property as a
property of non-decreasing poverty under a “correlatimereéasing switch”; this implies
that, ceteris paribus, the greater the incidence of multiple deprivation, thenkbigthe level

of multidimensional poverty.

Higher-order classes of poverty indices are obtained bysmg further assumptions
on the derivatives of (z, y; ¢). For instance, the clas&?(¢*) of second-order indices are
convex inz and iny; furthermore, that degree of convexity decreases withdhel lof the
other indicator and at a decreasing rate. Further detail®edound in DSY.

To test for whether the poverty ranking of two distributiemsobust across all members
of a given class of poverty indices, DSY introduces the feitgy bidimensional poverty

indices: .
2=\ (2 —y\ "
Plavay = [ [(225) 7 (22) arta), ©
x Y
0 0

wherea, > 0, o, > 0, 2, andz, are poverty lines in dimensionsandy respectively, and

WhGI’G(%) and (;@Z_;y) are called normalized “poverty gaps” in the poverty litarat
respectively, inc and iny.® Tracing (3) over sets of values of andz, draws a “dominance
surface”.

DSY then shows that iP4(«,, o) for some distributiord is greater thaPz (o, )
for some distributionB over all choices of z,, z,) within A(¢*), then poverty will be
unambiguously higher idl than in B for all of the poverty indices that are members of the

classlI®T1ov+1(*) of multidimensional poverty indices of ordex,, + 1, o, + 1) and for

3For expositional simplicity, we us€(a., a,) although makingz,, z,)) explicit in P(a., ay; 2z, )
would be more precise.



all poverty frontiers that lie within\(¢) C A(¢*). Let AP = P, — Pg; this leads to:

Proposition 1
(Multidimensional poverty dominance)

AP(¢) >0, VP(¢) € II**+hevtl(gr), 4)
iff AP(ay, o) >0, Y(z,y) € A(¢"). (5)

Note that these classes of indices include intersectiannyand intermediate poverty
indices, as long as these fit withir{¢*), although the index in (3) is antersection index.
The converse is also true: only f4(a,, o) is larger thanPs(a,, o) over all values of
(22, 2,) Within A(¢*) can we be certain that poverty is unambiguously larget over all
members of the clagg= 12 *1(¢*) of multidimensional poverty indices of ordéw, +
Loy, +1).

It cannot be argued convincingly that the intersection xndg3) is necessarily better
than all other possible multidimensional poverty indicEse superiority of one index over
another is generally a matter of value judgment. There angelier, important advantages
in focusing on (3), which is what this paper does. First, €3 inatural generalization of
the popular unidimensional FGT indices — see Foster, Gee®t, Thorbecke (1984) —
defined as

Pla,) = / (‘ ) 4F(z) (6)

for poverty inz. Second, and through its intersection nature, (3) alscsiegon the poorest
of the poor, that is, on those that are more likely to suffenfmultiple deprivation. Third,

and perhaps most importantly, if some policy consisterydrs (3) for a wide range of
intersection poverty frontiers, then, by Proposition 1\ahdhat policy will also reduce
poverty for a large class of other poverty indices, possiith different poverty frontiers.

Such a result is unfortunately not available when using rosloets of multidimensional

poverty indices.

Much of the paper then rests on how (3) changes when dimealsimficators vary
through policies and shocks. We will consider more paréidylthose cases in which
P(¢) is changed by additive and multiplicative transfers (dedaespectively byy and
A), sometimes targeted to grougsor B. We will thus denote by°(¢,~) the value of
P(¢) following an additive transfer and (¢, v*) the value ofP(¢) when this additive
transfer is targeted to grouf.




To assess the impact of such transfers, it is useful to eX@rtad cases in which,, or
o, may equal minus one. Let then

2y

fW%Z—L%JZf@w/(%;y>yﬂmx=40@, (7)
0

Y

wheref (z,) is the density ofc and f (y| z) is the density ofy conditional onz. P(a, =
—1, o) is thus they-dimension FGT poverty of those individuals whasgalue borders
the z-dimension poverty line, times the density of those indinls$ in the population.
Similarly,

Zx

Plana,=-0=1(z) [ (

Zpy — X

) Caly = 2,) da. (8)

2

It is also useful to rewrité’(«,, o, ) in @ way that shows explicitly the role of the corre-
lation of attributes in the valuation of multidimensionalerty. Lettingf, = max(f,0),
we can rewrite (3) as:

Plas, ay) = Play)Play) + cov KZ - ”’)a , (Zy - y)a} | )

Zy n 2y n

Thus, bidimensional povert¥(«a,, o) equals the product of the two unidimensional po-
verty indices plus the covariance between the poverty gafheitwo attributes. This latter
term captures the importance of the “association” betwkenwo dimensions.

DSY illustrates how this association term can play a crucibd in multidimensional
poverty dominance. It can happen, for instance, that urb@asaunidimensionally dom-
inate rural areas both in income and in health, but not bidsimnally, because urban
areas display greater levels of multiple deprivation. t e&so happen that, although uni-
dimensional comparisons may be ambiguous, multidimeasimymparisons are not, the
ambiguity being resolved by the joint distribution infortioe.

More generally, inspection of (9) shows why a focus on unatisional poverty® (),
say) may lead to a different policy guidance from that predidy a focus on multidi-
mensional poverty. Not only dod3(«,) multiply P(«,), but the covariance of multiple
deprivation also distinguishe¥(«,) from P(«,, o). The policy consequences of this dif-
ference are now considered in Sections 2.2 and 2.3. In $&tdo an additional distinction
is introduced by considering cases in which transfers inctlenension have “spill-over”



effects on the) dimension.

2.2 The effect of one-dimension targeting

We now consider how changes in either dimension can affeltidimensional poverty.
These changes can come from different sources, such asgaodimacroeconomic shocks.
We focus on the impact of targeting policies, although tiseilts are extendable to other
sources of distributional changes.

2.2.1 Additive transfers

Assume that an additive transferis granted to everyone in a population. This is a
simplifying framework; it will be enriched later on. We cdmen re-write (3) as

o[ [ (27 (2 w0

and also expresB(—1, o, v) and P(a,, —1,7) in (7) and (8) analogously. Faer, > 0, a
marginal change iy will change bidimensional poverty by

P oy )| Grpy g,
o v=0 "
az—1 —_ o
— % P, — 1)P(ay) — 22 cov [(zx x) ,(zy y) ] : (11)
Zr 2y x + & i

P(a, — 1) in (11) is a multidimensional generalization of the unidima®nal poverty im-
pact of targeting derived in Kanbur (1985). It also corregjsto the well-known result
that the sensitivity ofinidimensional (or “dashboard”) FGT poverty to changes in welfare
is related to the same FGT index, but with parameter settol. For multidimensional
poverty (unlike fordashboard poverty), this effect must be multiplied by the level of uni-
dimensional poverty in the other dimension — the teffw,) in (11) — although this
other dimension is not targeted by the transfer. The mufigtisional poverty impact must
also incorporate the covariance between the poverty gapeidimensions andy, to the
powersa, — 1 anda,. As we will see later in the illustration, these additionfi¢ets can
lead to different unidimensional and multidimensionai@pprescriptions.



Fora, = 0, we have

o= ]

This is they poverty gap (to the power,) of those that are poor both in theand in they
dimensions. The change in multidimensional poverty foltapan additive transfer is then
given by

y)adeCuy% (12)

OP(ag, ay, )
dy

The targeting impact is thus proportional to the densityndividualsaround z, times the
unidimensional FGT index in dimensian for those atr = z,. The targeting impact is
therefore quite different from the value of the index itsdtfcan also differ significantly
from thex headcount index in the dimension. Theper capita cost of a universal additive
transfer isR(vy) = v, with 9R(v) /0~y = 1. The change in aggregate poverty per additional
dollar spenper capitais thus also given by (11) and (13).

= —P(a, = —1,qy). (13)

=0

2.2.2 Multiplicative transfers

An alternative and commonly-modeled form of targeting @ases a pre-transfer indi-
catorz by some proportion\. (The poverty impact of inequality-neutral growthancan
be similarly modeled.) Algebraically, post-transfer pdyean be written as

e — 1+)\) 2y —y\™
aamalh //( )+ ( Zy )+ dF(IlZ',y) (14)

Whena, > 0, the derivative of (14) with respect tois given by

OP(ay, ay, \)

oA = —ay[P(a; —1,0,) = Pag, )], (15)

=0

Theper capita cost of such a multiplicative transfer is

R(\) = AT, (16)



whereZ is the average of. The change in aggregate poverty per dollar spentapitais
then:

= —Z[P(ag — 1,a) — Pz, o). (17)

A=0 z

OP(ay, ay, A) [OR(N)
oA o\

The expression above is always negative siftte, — 1, ) > Py, oy) for a, >
0. (17) compares the value of two bidimensional indices. Rgweduction following
a multiplicative transfer is faster the greater the diffe® between”(«, — 1,,) and
P(a,, o). Intuitively, this occurs when multiplicative transfersatease the poverty gaps
of the “most important poor” fast — who are these normativehost important poor”
depends on the value of the poverty aversion parameterThis requires the: values
of the poor to be not too close to 0 and the incomesot to be too large either, again
depending ony,.

If o, = 0, the change in the bidimensional headcount per dollar gpent

OP(ay, ay, A)/@R()\)

Ze L
23 23 = —%P(ozr =—1,qy). (18)

A=0

Comparing (11) to (17), and (13) to (18), it is not possibledga priori whether, for every
per capita dollar spent, an additive transfer reduces poverty fastan 2 multiplicative
transfer. For relatively poor societies ¥z, wherex is below the poverty line, — a
multiplicative transfer will reduce poverty fasterdf, = 0. Fora > 0, the comparative
effects will also depend on the values®fo, — 1, o) andP(a, — 1, o) — Py, ay).

2.3 Socio-economic targeting

In addition to taking various forms (such as additive andtiplitative ones), targeting
is rarely uniform across population groups. Socio-demglgiacharacteristics are in par-
ticular often used to design targeting schemes, leadingdoit-economic targeting”. We
thus turn to how we may rank the poverty alleviation effickent such socio-economic
targeting schemes.

2.3.1 Additive transfers

Developing the framework above, we can provide insight® agiich population sub-
group should be first targeted in order to reduce populatomerty faster per dollar spent.

10



For simplicity, assume that the total population is divid®d two exclusive groups4 and
B (such as urban and rural areas, or regions/provinces imtp@ieal illustrations below).
Population poverty is then given by

P(amayaf}/A/YB) = WAPA(amaay77A> +WBPB(am>ay77B)u (19)

wherew4 andw? are the population shares of groupsand B, v4 and~? are additive
transfers targeted specifically to members of grad@sd B, and P4 and P? are poverty
levels for groupsA and B, respectively.

To assess whether, for efficient population-level povestiuction, an additive transfer
is better targeted towards grodpor groupB, we need to check whether

OP(az, ay, ") JOR(Y77) < OP(au, oy, 7”) JOR(yA, A7) (20)
87‘4 87‘4 > 6,YB 873 ’
where theper capita cost of an additive transfer is given by
R = w'y* + wByB. (21)
We start with the case of, > 0. We then have
OP(ay, ozy,yA)/ OR Oy 4
= ——P%ay, — 1, 22
OyA oA AnE Pl (cv ay) (22)
and, similarly,
OP(ay, oy, v%) / OR ay g
=——P -1 . 2
a’yB a’yB ~yA=yB=0 Zx (ax ’ay) ( 3)

The largest aggregate poverty reduction per dollar spemtapita (namely, per pop-
ulation head) is then obtained by targeting that group thatthe highesP(a, — 1, o)
index. Looking back to (11), note that this will be the casetfe group that displays the
highestP(a, — 1) index, the largesP(«, ) index, and/or the highest covariance between
a, —1 ande, unidimensional gaps. It is clear that choosing the groupriget on the basis
simply of the P(«, ) indices will generally not lead to efficient multidimensapoverty
reduction strategies.

Fora, =0, j—zPA(ozx—l, ay) andz‘—zPB(ax—l, o) in (22) and (23) above are replaced

11



respectively byP*(—1, o)) and PZ(—1, o). Again, the multidimensional poverty index
itself is not the right guide to selecting the better grougaimet. Instead, the efficient
targeting rule uses thgdimension FGT index of those that are around:ttgoverty line,
multiplied by the density of the group’s individuals at thelimension poverty line.

2.3.2 Multiplicative transfers

Let us now identify efficient group selection rules undertiplicative targeting schemes.
Theper capita cost of such a scheme is given by

R = w74 + P78 (24)

and, whenv, > 0, changes in poverty due to a multiplicative transfen groupsA and B
respectively are given by

OP (o, oy, M4 oR Oy
( 8)\Ay )/ M| s = _f_A[PA(O‘r - 170‘y> - PA(O‘:vaO‘y)] (25)
AM=)\B=0
and
OP(ay, oy, AP oR Oy
( 8)‘; )/ ONB| . . = _E_B[PB<O[I 1, o) — PB(ozm,ozy)]. (26)
AM=)\B=0

Fora, = 0, these expressions become

OP(a, vy, A1)/ OR Zr 4
a)\A a)\A MAZAB—Q EA (al‘ 7ay) ( )
and aP( AB) / OR
Qg Oy, Zx B
a)\B / a)\B VA—\E— EB (al’ 7ay) ( 8)

Again, the case in which the transfer is a proportion of disi@mz is less straightfor-
ward to interpret than the case of an additive transfer. irapkack to (25) and (26), the
reduction in multidimensional poverty per dollar spentis targest for those groups with
the lowest average income and the greatest distance befWegn- 1, o)) andP(a,, ay).
Those groups living in more deprived conditions in dimensiawvill have a lowerz; the
difference in poverty of orders, — 1 anda,, is also likely to be larger for those groups, but
not necessarily so. In addition, those groups are alsgylikethow higher poverty in other
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dimensions, but again not necessarily so; the assessmenfurther take into account the
correlation across dimensions (recall (9)).

For o, = 0, multidimensional population poverty falls fastest pelaospent when
targeting favors those groups whaBé—1, o, ) is largest and/or whose average income is
lowest, the explicit trade-off being shown in (27). A larg¢—1, o) value is observed
when the density around thepoverty line is large, and/or when those around that poverty
line have a largg poverty gap of ordedy,.

2.4 Targeting with dimensional spill-overs

Now suppose that dimensigns also indirectly affected by transferanade to dimen-
sionz. We suppose that this spill-over effect giis captured by a functioa(y, ), which
is equal toy in the absence of spill-over effects and thus with, 0) = y. We may re-write

(10) as
A Zy—U(ya—7)> ydl z,y). 29
a:ca yv //( )+ ( : . (7y) ( )

For expositional purposes, let us thinkzofindy as income and health, respectively, two
dimensions in which welfare analysts are often jointly iatged. (29) shows that a policy
that targets income explicitly (for instance, through ahceansfer) affects multidimen-
sional poverty directly through its impact on the povertp ga dimensionz, through its
multiplying effect on the gap in the other dimensigrand through its spill-over effect on
that other dimension, captured in (29) &y, ).

For o, > 0, the marginabpill-over effect on bidimensional poverty of a changejns
then given by

ores v (e 2] (52) ar) 0
9y Ispill-over effect,=o s 0y g\ A

Ay
_ T 9 ,
_ QY CcovV Zz—T U(y 7)
Zy 2z n ) Oy

and, fora,, = 0, by

ap(az Qy 77)

5 (31)

spill-over effect=o

— —aogi/n) ‘ flo(y,v) = 2y) fozw (ZZ—_I> dF (z|y = z,).
Y=2y,7=0 ”
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This spill-over effect adds to the other effects describdaalva, either through the im-
pact of an additive or of a multiplicative transfer on dimiensz. For instance, the net
multidimensional poverty effect of an additive transfedimension: would be the sum
of (11) (or (13) fora, = 0) and either (30) or (31). For a multiplicative transfer, eegsion
(11) is replaced by (15), and analogously égr= 0.

The formulation ofo(y, ) is sufficiently general to allow for several types of spill-
over effects on the second dimension. Special cases inelddiive spill-over effects,
wheno(y,v) = y + v, or multiplicative ones, whea(y,v) = (1 + v)y. In all cases, the
spill-over effect is given by the mean of the product of thpoverty gaps to the power
a — 1 and the marginal change ir{y, v), weighted by the: poverty gaps to the power,.

Importantly, whether this indirect effect favors targetithe more severely poor de-
pends on whether the severely poor’s welfare indicatermore sensitive tg. That may
or may not be the case. It also depends on whether the moneesepeor in ther dimen-
sion are also poor in thedimension, which again may or may not be the case.

These spill-over effects can then be normalized byprecapita cost of targeting di-
mensionz. This is done in the same way as in Section 2.3. Doing so makesssible
to assess which population subgroup should be targetedrfistler to reduce multidi-
mensional poverty as quickly as possible, subject to resoconstraints. If ger capita
targeting cost can also be assessed for each of the two domens andy, then such a
normalization further allows establishing whidimension (in addition to whichgroup)
should preferably be targeted by public expenditures.

2.5 Targeting dominance

As in Section 2.1 for comparing poverty across two distiimng, we might also want to
ensure that our targeting conclusions and policy recomat@ts are robust to the choice
of multidimensional poverty indices and to the choice of tdithensional poverty fron-
tiers. As in Section 2.1, we can do this for classes of inditm®oted byl[o= a1 (),
To test for whether a targeting preference for a group issbtmthe choice of a multidi-
mensional poverty index within one such class of povertyces, we can use “targeting
dominance surfaces”. These surfaces are given by expnessich as (13), (17), (22), (25)
and (30) (for spill-over effects) over areas of intersatpoverty frontiers z,, z,).

For instance, to rank robustly the impact of additive angpprtional transfer policies
over the clas$I®=+1ov+1(¢*) of multidimensional poverty indices (with, > 0), the tar-
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geting dominance surfaces given by (11) and (17) are cordasex an area of intersection
poverty frontiers z,, z,) lying within A(¢*). Formally, assuming no spill-over effect:

Proposition 2
(Dominance of additive over multiplicative targeting)

For all P(¢) € T1o=+hovtl(¢*) (with o, > 0) and fory = Xz, P(¢,~) < P(¢,\) for
marginaky and\ if and only if

= T P(on — Loy) < ~ Pl — 1 ay) = Plos, 0y)] Yz, 2) € AG). (32)

This says that additive targeting will decrease povertyefaper capita dollar spent,
than multiplicative targeting for all indices of povertylitf=+12v+1(4*) if and only if ex-
pression (11) is always found to be lower than (17) regasddéshe choice of intersection
poverty frontiers, as long as these frontiers lie within theximum domain of poverty
frontiers within which a multidimensional poverty assessincan reasonably be made.
As above, the dominance tests compare additive and maéiple impacts on multidi-
mensionalntersection indices, although robustness is obtained over indicesitichide
intersection, union, and intermediate poverty indices.

Extensions of Proposition 2 can be made straightforwarglgltmwing for spill-over
effects, by considering classes of ordgr-1 = 1 in dimensionz, or by assessing whether
robust socio-economic targeting conclusions can be oddagver classes of indices. An
example of dominance of additively targeting socio-ecoitognoup A over groupB is
given by Proposition 3 (assuming no spill-over effect):

Proposition 3
(Dominance of additively targeting groupinstead of grouf3)

For all P(¢) € T=tlavtl(*) and forwiy? = wB~yB | P(¢,v*) < P(¢,~P) for
marginah* and~® if and only if

- %PA(% —1a,) < —%PB(% — 1, 0) V(20 2) € A(67). (33)
Both Propositions 2 and 3 have the potential to generatestd@rgeting prescriptions.
It may however be that the targeting dominance surfacesdmaggpbe not statistically dif-
ferent from each other over the entire are@"), or that they may even cross over that
area. In such cases, the normative and statistical validlitiye targeting prescription will
depend on which subset of poverty indices withifr+12v*1(5*) will be preferred. In
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such cases, inspection of the subareas of targeting dongrsanfaces over which domi-
nance can be inferred can also serve to indicate the strefgftle robustness of targeting
prescriptions.

3 lllustrations

3.1 Multiple deprivation and dimensional spill-over effeds

As discussed above, the correlation — and more generadlyptht distribution — of
dimensions is important both for measurement and for pgliocposes. From an empirical
perspective, much of this correlation usually reflects dufral” distribution of dimensions.
An example is the correlation between child nutrition andasding performance (and
adult labor outcomes): child malnutrition (especially Xiperienced during the first two
years of life) is usually associated with smaller school@aments and reduced lifetime
income (see, for example, Glewwe and King 2001, Heckman 20@8Alderman, Hod-
dinott, and Kinsey 2006 for discussion and evidence). Negabrrelations can also occur
(as when an increase in child school attendance decreassshwd income, at least in the
short term). The interactions between welfare dimensiande especially strong in cases
of severe deprivation over a long period, as in the case ditiicoing multi-dimensional
poverty traps” (see for instance Thorbecke 2005).

Some of that joint distribution between dimensions of viilng can also be driven (at
least partly) by policy in a number of different ways. Sulied provision of education,
health and housing may be one way to alleviate poverty in efite multiple dimensions
as well as jointly. Public investments in perinatal care (festance, through pre-natal
health visits and nutritional programs for pregnant wonear) improve the health status
of newborn children and their later life prospects in seivdiimensions. Policy can thus
serve to reduce both dimensional deprivation statuseshaiddorrelation, and can thus
also reduce the prevalence of multiple deprivations.

The popularized conditional cash transfer (CCT) prograntesnid for instance to break
down the multidimensional (and inter-generational) poveaps both by alleviating mon-
etary poverty and by increasing levels of human capitalltheend education). A key
mechanism that is employed is the multidimensional cooniity of the transfers. The
cross-dimension effects of this have been most extensd@atyonstrated in the context
of Latin American countries. For example, Fiszbein and 8gh@009) show plenty of
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cross-country evidence of CCT'’s positive impacts on varibealth indicators and access
to health services, school enrolment and attendance, andstprominently because of
the nature of the programs — on income poverty.

Note that the effect on health poverty of a cash transfer iionéd on family invest-
ments in child health is likely to be higher than one withoamditionality; the short-term
effect on monetary poverty may, however, be reduced by tiondiity, if, for instance,
some of the transfers cannot then be used for short-termmeaqaroduction purposes.
Hence, conditionality may not be efficient for monetary poyveeduction, but may be
efficient for reducing multidimensional poverty, espdyi#i substantial spill-over effects
exist.

The correlation across well-being attributes and the tswoli policy to modify it also
depend on the quality of markets. Where markets are ineistahighly imperfect, so-
cial programs may not be effective at producing positivél-gper effects on dimensions
other than the targeted one. For example, in remote areasevalppropriate schooling
infrastructure is missing or is of poor quality, social caiinsfers for children may have
meagre effects on school outcomes (see for instance Kak®aares, and Son 2006 and
Cockburn, Fofana, and Tiberti 2010).

All of this points to the usefulness of a consistent multidimsional framework for
assessing the context-dependent impact of policy. It ipaossible, of course, to take em-
pirically into account all of the possible effects of polioy multidimensional poverty. Itis
nevertheless feasible and, we believe, useful to applyribb/acal framework developed
above to illustrate how these effects can feed into policsigieand evaluation. We do
this in three different ways. We first assess the poverty ahpad the efficiency of sim-
ple targeting rules set on the basis of socioeconomic ctarstics, following the strong
targeting tradition found in the unidimensional povertgidature. We then enrich those
simple rules with a more realistic assessment of the implagblicies, policies that can
have spill-over effects beyond the dimensions that areetady We finally test the robust-
ness of targeting prescriptions using dominance resuliseofypes shown in Propositions
2 and 3.

3.2 Data and estimation procedures

We apply the analytical approach presented above to twaatepdatasets from Viet-
nam and South Africa. These are the Vietham Living Standardey (VLSS) 1992-1993
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and the South Africa Integrated Household Survey (SAIH®319These two data sets
include information on household consumption and anthmogidc measures, which is a
major reason for their use here. This information enablesctinstruction oper capita
household consumption (deflated by appropriate spatiatemgoral price deflators) and
height-for-age scoreslAZ), standardized by the growth standards found in WHO (2006).
These indicators of monetary welfare and of health are usadéome poverty and health
poverty respectively. The analysis focuses on childrereufide years old. It is supposed
that policy can target consumption (dimensiom the above analytical framework), but
that the multidimensional poverty effectiveness of thdigyalepends on its impact on the
joint distribution of consumption andAZ (dimensiony).*

The spill-over effect on health of targeting consumptioobtained through the follow-
ing regression model:

Y = a+ B + Z Brzk,i + €, (34)
%

wherey; is thez-score for child, x; is log per capita household consumptiofi, is the co-
efficient associated fper capita consumptionz,, is determinank, 3, is the associated co-
efficient, and; is an error term. The model is borrowed from Wagstaff, vanSlaer, and
Watanabe (2003), with OLS estimation and community-lexelfieffects at the level of the
child’'s commune. Note that the model is intended to providarle, reduced-form, rep-
resentation of potentially complex mechanisms linkingszonption to children’s health.
These mechanisms will generally depend on household catiggoand intra-household
allocation rules, rules that are rarely observable for thayest. An example is the dis-
tribution of cash transfers for the benefit of children. Téghean be directly distributed to
adults, with a potentially diluted effect on the targeteddrien. The transfers can alterna-
tively take the form of nutritional transfers, which coutdprinciple be potentially better
targeted to children; with these transfers, there alsd,dxsvever, strategies that parents
can use in order to substitute away from children some ofdkéianal resources intended
for them.

Table 1 shows descriptive statistics HAZ and on the explanatory variables appear-
ing in theHAZ regressions. The estimated coefficients of HA&Z regression are shown
in Table 2. Most of the coefficients take the expected sigrlitwa surveys.Per capita
consumption is positively associated with child healthicchealth is negatively (and con-

4t is assumed that child consumption is increased by theevafithe cash transfer. We thus abstract from
important intra-household allocation issues — also seavbel
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vexly) linked to child age; in South Africa, being male is asated with worse health,
while having access to improved sanitation facilities ioyas health statistically only in
Vietnam 1992-93. Somewhat surprisingly, the estimatedrpaters on access to safe water
sources and maternal schooling are not statistically Bogmi.

The spill-over parameters of child consumption on child H&2 produced by the es-
timates of Table 2 are 0.0171 percent for VLSS 1992-1993 ahitb® percent for SAIHS
1993. These parameters are obtained as ratios betwgen consumption)’s coefficients
in Table 2 and the exponential of the meanofpc_consumption). They are then cal-
culated a$).2470/ exp(7.2705) for VLSS 1992-1993 and.2842/ exp(5.0808) for SAIHS
1993. These spill-over effects are used below in valuingrtigact of a variation in child
consumption onté1AZ values for children.

3.3 Efficient multidimensional poverty targeting

We proceed by separating the total population into separdiepopulation geograph-
ical groups — see their definition in Table 3. This makes itsilale to interpret many of
the results below as guidance for geographical targetidgpassibly for decentralization
of targeting funds. As suggested in WHO (2006), out-of-eangilues (<-5 and >3) for the
z-scores are dropped. For ease of exposition, a value of lddisdato theHAZ variable
and to the poverty lines in the health dimension; such a foamsition does not affect any
of the substantive results since we are interested in afeswlultidimensional poverty, not
relative multidimensional poverty or inequality.

For benchmarking purposes, a reference annual monetagrtgdine of 1790 thou-
sands Dong (in 1998 prices) is used for the Viethamese sumele a monthly monetary
poverty line of 164 Rand is used for South Africa. These v&bk@respond to around 385
and 75 dollars (in 2005 ‘international’ dollars) respeelv For health, a poverty thresh-
old of -2 standard deviations is used for each of the two agesw— this threshold is often
used to identify moderate-to-severe stunting (followimgtransformation of thelAZ vari-
able, the reference health poverty threshold is set to 8gsdlpoverty lines are used for
reference purposes. For dominance, ranges of povertydireeseeded and these will be
discussed in section 3.4.

We focus on impacts on bidimensional poverty with = o, = 0 ando, = «,, =
1, normalized by theer capita cost of the policy. The geographical units are ordered
according to the importance of the marginal poverty reduncthat follows a marginal
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increase in a consumption cash transfer.

3.3.1 Vietnam 1992-1993

We start with Vietham 1992, using, = «, = 0 and the reference poverty lines
mentioned above. We first consider additive transfers. €kelts are shown in the upper
Panel A of Table 4, a panel that is split into four differertss#f columns. The first column
of Table 4 shows the priority ranking that must be assignetthéogroups shown in the
other columns. (All of the rankings shown are statisticallynificant at the conventional
5% level; the analytical procedures and the Stata routioestfecking this are available
on request). The set of the next three columns then showsnidémensional results,
namely, those results based only on the monetary impacedfansfer. The second set of
three columns multiplies this unidimensional impact by gy in the second dimension.
The third set of three columns incorporates the impact ofnlometary transfer on the
covariance of deprivation. The last set of three columnsvshibe total multidimensional
poverty impact of the transfer, adding to the earlier effi¢lae spill-over effect on the non-
targeted dimension.

Focusing first on unidimensional poverty, a statisticaifyngicant larger reduction in
total poverty per dollar spent is obtained by targeting griiuas opposed to groups 6, 5,
3 and 7. The second-best group to be targeted is group 2, wimidienensional poverty
impact per dollar spent is significantly larger than 3 and &t&istical ranking cannot be
established with respect to any other geographical groups.

Let us now add the health poverty component. The effect efistlshown in the second
set of columns in Panel A of Table 4. A significant re-rankirngoas the geographical
groups is obtained. Groups 1 and 2 continue to be most effigiprioritized but com-
parisons with other groups have changed: group 1 is now atferped to groups 8 and
9 but not anymore to groups 3 and 6; as seen in Table 6, therrésattat groups 3 and 6
show the largest health headcount. Taking health povertyaocount then moves groups
3 and 6 upward in terms of priority, but not enough to outrardugs 1 and 2. Targeting
group 2 is now statistically preferable to targeting gro@p8 and 5. The next groups to
be prioritized are groups 3, 10 and 6; targeting these grpupsde a statistically larger
poverty reduction than targeting group 5.

For multidimensional poverty reduction, considering pbyén separate dimensions
is not enough; we must also take into account joint depowatiThis is done by adding
the covariance term to obtain the third set of columns in &bl A few changes in the
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ranking of priority groups are immediately observable. @® 1 and 2 are still the first
priority groups; these groups are now statistically preféito groups 5, 3, 8, 6, 4 and 7.
Targeting group 1 thus becomes statistically better thageteng groups 3, 6 or 4, but not
better anymore than targeting group 9. Similarly, groupribis also statistically preferred
to groups 3, 6, 4 and 7, but not anymore to group 9. Group 16vislin the ranking and
is statistically preferred to group 7. Finally, group 9 igferred to groups 6 and 7 since
health poverty for those around the consumption povergyiarger for that group — see
equations (7) and (13).

The last set of columns shows the impact of adding spill-@ffects, as indicated in
equation (31). Groups 1 and 2 then lose their statisticakipyiover group 8. Group 10
is now also preferred to group 6, while targeting group 5vedldor a statistically larger
reduction in multidimensional population poverty thargiting group 7.

Panel B of Table 4 shows priority rankings with = «,, = 1; they also vary again
when moving away from unidimensional towards multidimensi poverty alleviation.
For instance, the rankings of groups 4, 6 and 7 depend on ehgtts unidimensional
or multidimensional poverty that is alleviated. The sam&ug for many other priority
rankings for targeting.

As is well-known from the poverty literature, the use of difnt poverty indices can
affect quantitatively and qualitatively the nature of pdyecomparisons. As is less well
known, that can also affect the comparative evaluation feting schemes. This can
be observed by comparing Panels A and B in Table 4. In paaticidoking at the last
set of columnsTotal impact with spill-over), targeting groups 3 and 7 is a statistically
significant priority witha,, = o, = 1 (the multidimensional poverty gap) but clearly not
with a, = o, = 0 (the multidimensional headcount). Conversely, there iseason to
prefer group 9 with the multidimensional poverty gap, whaleriority for group 9 over
groups 6 and 7 can be statistically inferred with the muttieinsional headcount.

More generally speaking, the use of multidimensional pigvgaps yields more precise
targeting guidance than the use of multidimensional heaatso Greater statistical preci-
sion emerges because greater sample information is udethwipoverty gap than with the
headcount: when it comes to estimating standard errorsha#irvations below the poverty
lines are important, not only those close to those linesat@ranormative strength is also
obtained with the multidimensional poverty gap: the ptioranking with the multidimen-
sional poverty gap is established by looking at the averagjéave impact across all of the
poor, and not only by considering whether that impact isdagough to lift some of the
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poor out of multidimensional poverty.

The results following a proportional transfer are shownabl€ 5. The priority rank-
ings differ significantly relative to those of additive tsders in Table 4. Withy, = o, = 0,
for instance, proportional transfers to group 1 are preteéto proportional transfers to
groups 2, 8 and 9, which is not the case for additive transféne transfer schemes are
thus important in establishing social-economic targepngrities. These Viethamese re-
sults are driven by the large average consumption of groupsad 9 (see Table 6). As
seen in equation (18),@alarger than:, (as in the case of groups 2, 8 and 9) makes propor-
tional targeting less efficient.

3.3.2 South Africa

Let us now turn to regional targeting in South Africa. The measults for additive
targeting are shown in Table 7. Let us focusin= «, = 1 (Panel B) and on some of
the more interesting findings. Take group 5, for instanclag a relatively large health
headcount (see Table 8) as well as a large average healthtygep, but its level of
consumption poverty is relatively low. Hence, with unidimsenal poverty, a statistically
significant preference for targeting groups 3, 9, 13, anddés gwoup 5 can be established;
with multidimensional poverty, this is not the case anym@enversely, targeting group 9
(which has high consumption poverty) is better than tanggdiny of groups 11, 2, 5, 16, 8
or 1 for unidimensional poverty reduction but this is neliehkess not the case anymore for
multidimensional poverty.

Moving froma, = o, = 0to o, = o, = 1 again changes policy guidance dra-
matically. This is easily seen by comparing panels A and Baifl@ 7. As an example,
group 3 is dominated by most other geographical groups whea «,, = 0, while, with
a, = o, = 1, it dominates 16 out of 17 possible groups (group 5 is the gnbyip not
statistically outranked by group 3). While group 3 shows atma®rdinarily large con-
sumption headcount and health poverty gap (which expl&rsgh priority ranking under
a = 1: Figure 1, Panel A), nearly nobody lies around the consuwmgioverty line (which
explains the small bidimensional impact when- 0, see Panel B of Figure 1). This impor-
tant distinction between the incidence and the intensityobtidimensional poverty, and
between levels of multidimensional poverty and efficienateigies for multidimensional
poverty alleviation, explains the important reversalsradiity rankings when moving from

oy =a, =0t0a, =a, = 1.
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3.4 Targeting dominance

The results above show how a switch from unidimensional thidinensional poverty
can change the nature of efficient poverty reduction sti@éed hey also show that priority
rankings can sometimes depend on how multidimensionalrpoieemeasured. We now
use the methods of Section 2.5 to construct multidimenstangeting dominance surfaces
and thus assess whether priority rankings for group targedre robust over classes of
multidimensional poverty indices.

Recall that distributiorA dominates distributiom if that A’s dominance surface is
lower than that oB over a sufficiently large area of poverty frontiers. In teiwhgargeting
dominance, the same applies but through comparing thetitaggdgominance surfaces of
groupsA and B, as in Proposition 3. Prioritizing a group with a more negatargeting
surface will lead to a faster reduction in multidimensiopaverty per dollar spent.

For practical purposes, ten equally-spaced different ppJmes (equal to or lower
than the reference poverty lines) are used for each of thedtmensions, yielding 100
possible combinations of poverty lifeWe specify 10 different poverty lines for each of
the two dimensions, giving an area of poverty frontiers set 400 possible combinations
of consumption and health poverty lines. The 10 povertyslineeach dimension are set at
the minimum values of the indicators plus the deciles of tiseadce between the official
poverty lines and those minimum values. The upper limit oSthlines (the upper right
corners in the forthcoming figures) corresponds to the afffmbverty lines, while the lower
poverty lines are at the lower left corners. The dominanselteare shown in Figures 2, 3,
4 and 5; they show thevalues of differences in poverty impact across alteregavgeting
strategies.

For Vietnam 1992-1993 and for th&! class of indices, Figure 2a shows that targeting
group 2 should be prioritized relative to group 5 as this wiaallow a larger reduction in
multidimensional poverty over most of the bidimensionalgrty domain. Move now
to 1993 South Africa. Figure 2b says that group 15 should leéeped to group 16:
the reduction in total multidimensional poverty that foW® from targeting group 15 is
statistically always greater (at a 5% level) over the eraisa of poverty frontiers shown in
that Figure. Given the results of Propositions 2 and 3, thys shat a priority for group 15
over group 16 in South Africa can be established on the basie@ntire class$l’! (¢*) of
multidimensional poverty indices, for all the poverty azé¢lat fit within theA (¢*) shown

5The findings are robust to choosing a larger number of lines.
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in the Figure.

Let us now move to the class of bidimensional poverty indi€e¥ ¢*). Figure 3 shows
that targeting group 3 is preferable to targeting group & ¢lre whole area of poverty
frontiers shown in that figure. This says that the reductiothé multidimensional poverty
gap is faster when group 3 is targeted. It also says that #fleofmultidimensional poverty
indices that are members of thig:(¢*) class will fall faster if group 3 is targeted instead
of group 8. Relative to group 2, targeting group 3 is stai@ly dominant only over upper
health and consumption poverty lines. Group 3 dominatesgp#ofor intermediate areas
of poverty lines.

Consider now Figure 4 for South Africa. Panel B of Table 7 shdthat it was better to
target group 3 instead of groups 13 and 14 for efficient mntteshsional poverty gapy, =
o, = 1) reduction at the reference poverty lines. Figure 4 shoastttis is not necessarily
true for all poverty frontiers and for all indices in th&?(¢*) class. Targeting group
3 dominates targeting group 13 only over the area of consompioverty lines above
around 70 Rand and health poverty lines above around 7.5. r& detailed examination
of the results shows that while the product of consumpticoh lagalth poverty (the first
term on the right-hand side of (11)) does allow a robust maglaven for lower poverty
lines, this is not anymore the case when the joint deprivagftect (the second term on the
right-hand side of (11)) is added in. Targeting group 3 isyéwer, preferable to targeting
14 over the the entire range of poverty lines shown in Figyréhds indicating targeting
dominance of group 3 over group 14.

Figure 5 for 1993 South Africa shows a case in which taking etcount multidi-
mensional deprivation helps sharpen targeting preseripti Figure 5a shows the usual
p-values of the differences in the targeting dominance sadaf two groups, in that case
groups 13 and 9, for additive transfers and over the diE$$¢*) of indices. Figure 5b
showsp-values of the differences in the consumption and in thethaatidimensional
targeting dominance curves. Although, for most povertgdinneither univariate target-
ing dominance is statistically observed (with the exceptd health poverty lines lower
than about 7.3, which are quite low), for a large area of rdimtensional combinations
of these poverty lines the poverty reduction through tangegroup 13 dominates statisti-
cally that from targeting group 9. The fundamental reasonHis is lower health poverty
in group 9 than in group 13 (0.024 versus 0.039 — see Table 8 estanated at the ref-
erence poverty line), lower deprivation in group 9 than 18@Q versus 0.004) as well as
a smaller spill-over effect in group 9.
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4 Conclusion

The paper derives targeting rules, both theoretically andiecally, that can reduce
poverty as quickly as possible per overadt capita dollar spent. Simple transfer schemes
are considered, such as additive and multiplicative teassbut generalizations of these
as well as transfers that have spill-over effects on othmedsions can also be analyzed.
Those targeting rules can help identify which socioecomognoups (such as provinces
or regions, smaller or larger families, wage workers or fnsh should be prioritized for
efficient poverty reduction. It is also shown how targetimgnihance techniques can help
check the normative robustness of targeting rules. Apipdioa of this framework to the
alleviation of child poverty in Vietham and South Africa sihévow these tools can help
monitor and maximize the reduction in multidimensionals&amption and health poverty.

An important and intuitively reasonable message that renssa the paper is that the
nature of efficient targeting rules may depend on whetherunidimensional or multidi-
mensional poverty that policy is intended to reduce. In @sitto unidimensional poverty
— where it is only the impact on a single dimension that mattet the paper emphasizes
three possible effects of targeting on multidimensionalgety, denoted as a direct effect
on the targeted dimension, an indirect effect on joint deggion and a possible spill-over
effect on the other dimensions. Because of this, some tagggthemes may end up being
more efficient at reducing univariate poverty but less sollaviating multidimensional
poverty, andvice versa. The value of targeting prescriptions also depends on thetstre
of the transfers; whether a group should be prioritized megyedd, for instance, on the
nature of the transfers that are being contemplated (suaheather the transfers will be
additive or multiplicative).

The paper further points out that the appropriate indicatoruse to design efficient
targeting schemes are not the poverty indices themselagsn#tiplicative transfers, for
instance, it is the level of average welfare plus the distdetween two multidimensional
indices that should be used to identify which group it is nedtient to target. This makes
it necessarynter alia to consider non-obvious but important trade-offs betwéenetfect
of targeting on the poorest of the poor and the effect of tarxgeon the speed of income
increase among the not-so-poor.

The social value of targeting schemes also depends on theechb poverty mea-
sures that policy is intended to reduce. The arbitrarinessived in choosing one specific
poverty index and one specific poverty frontier and the gdssiensitivity of targeting pre-
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scriptions to that choice make it desirable to use targetarginance tools. These tools are
developed and applied in the paper; apart from being lin&esiinhple intersection poverty
indices, they also help assess the normative strengthgsttag prescriptions.
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Appendix A Tables

Table 1: Means and standard deviations of vari-
ables included in thelAZ regressions

VLSS92-93 SAIHS93

HAZ -2.20 -1.22
(1.35) (1.47)

In(pc_consumption) 7.27 5.08
(0.52) (0.92)

age_months 32.02 31.32

(17.43) (16.71)
age_months2 1328.86 1260.27
(1118.27) (1063.74)

gender 0.50 0.50
(0.50) (0.50)

safe_water 0.79 0.83
(0.41) (0.37)

safe_sanitation 0.14 0.35
(0.35) (0.48)

schooling_mother 6.51 5.56
(3.44) (3.61)

# of observations 2754 3858

Note: standard deviations are reported in parenthe-
ses. Means and standard deviations are estimated on
the sample of children 0-5 years old retained for the
regression analysis.

Source: authors’ analysis based on VLSS 1992-1993
and SAIHS 1993.
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Table 2:HAZ regressions’ coefficients
explanatory variables VLSS92-93 SAIHS93

In(pc_consumption) 0.2470 0.2842
(3.61) (6.47)

age_months -0.0764 -0.0567
(-12.55) (-9.8)

age_months2 0.0010 0.0008
(10.88) (8.53)

gender 0.0262 -0.1232
(0.54) (-2.71)

safe_water 0.0543 -0.1752
(0.5) (-1.72)

safe_sanitation 0.2405 0.1404
(2.68) (0.95)

schooling_mother 0.0167 0.0135
(1.61) (2.74)

constant -3.0117 -1.7532
(-6.27) (-7.14)
Adj. R? 0.1551 0.1696

# of observations 2754 3858

Note: t-stats are reported in parentheses. Explanatory

variables are not necessarily comparable across surveys
since their definition may differ.

Source: authors’ analysis based on VLSS 1992-1993 and
SAIHS 1993.
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Table 3: Numbering of the geographical groups, VLSS92-3BSAIHS93

(@) VLS92-93 area (c) SAIHSD3 area
urban  rural metro urban rural
- Western 1 1 1
RedRiverDelta 8 6 estern Cape
Northern Cape 2 2
Northeast 3 3
Eastern Cape 3 4 5
Northwest 4 4 o
c © KwaZulu-Natal 6 7 8
© NorthCentralCoast 7 7 £
o) S Free State 9 10
© SouthCentralCoast 5 10 ©
= ) s Mpumalanga 11 12
CentralHighlands 1 1 :
Limpopo 13 14
Southeast 5 2
MekongRiverDelta 9 2 North West 15 16
9 Gauteng 17 17 18

Note: The geographical groups appearing in the tables weteened as a combination of regions/provinces
and areas.E.g., group “1” in VLS92-93 corresponds to the combination of urban and rural areasein th
Central Highlands region.
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Table 4: Impact of additively targeting consumption on tridhsional poverty: Vietham 1992-19931(x4)

Ranking  Group Population Groups Group Population Groups Group Population Groups Group Population Groups
poverty dominated poverty dominated poverty dominated poverty dominated
change change change change

Pand A: oty = ay =0
Unidimensional Product of two dimensions Multidimensibna Total impact with spill-over
—Plag =—1) —Plaz = —DP(ay) —[P(az = —D)P(ay)  cov()]

1 1 -5.98 6:5:3:7 1 -3.59 7:9:85 1 -3.58 5:3:8:6:4:7 1 -3.76 5:3:6:7:4

2 2 -4.52 3.7 2 -2.49 9:8:5 2 -2.52 5:3:8:6:4:7 2 -2.70 5:3:6:7:4

3 10 -3.89 3 -2.27 5 10 -2.04 7 9 -2.28 6:7

4 9 -3.54 10 -2.22 5 9 -1.95 6:7 10 -2.22 6:7

5 4 -3.48 6 -2.21 5 5 -1.53 8 -2.00

6 6 -3.27 4 -2.16 3 -1.32 5 -1.84 7

7 5 -3.24 7 -1.94 8 -1.26 3 -1.36

8 3 -3.20 9 -1.59 6 -1.05 6 -1.16

9 8 -3.14 8 -1.35 4 -1.03 7 -1.08

10 7 -2.83 5 -1.28 7 -1.00 4 -1.06

Panel B: oy = ay =1
—(az/22)[P(az — 1)] —(aaw/zz)[Plaz — 1)P(oy)] —(az/2z)[P(az — 1)P(oy) + cov(.)] Total impact with spill-over

1 4 -5.20 7:6:10:1:2:9:5:8 3 -0.50 6:4:10:2.9:58 3 -0.52 6:4:10:2:5:9:8 3 -0.57 6:4:10:2:5:9:8

2 3 -4.99 6:10:1:2:9:5:8 7 -0.48 6:4:10:2:9:5:8 7 -0.50 6:4:10:2:5:9:8 7 -0.55 6:4:10:2:5:9:8

3 7 -4.81 10:1:2:9:5:8 6 -0.39 10:2:9:5:8 1 -0.43 2:5:9:8 1 -0.47 5:9:8

4 6 -4.63 10:2:9:5:8 1 -0.37 9:5:8 6 -0.40 2:5:9:8 6 -0.44 2:5:9:8

5 10 -3.94 9:5:8 4 -0.37 2:9:5:8 4 -0.37 5:9:8 4 -0.41 5:9:8

6 1 -3.88 9:5:8 10 -0.29 9:5:8 10 -0.33 5:9:8 10 -0.36 5:9:8

7 2 -3.74 9:5:8 2 -0.27 9:5:8 2 -0.29 5:9:8 2 -0.32 5:9:8

8 9 -2.26 9 -0.09 8 5 -0.11 8 5 -0.12 8

9 5 -1.70 5 -0.07 9 -0.07 9 -0.08

10 8 -1.16 8 -0.04 8 -0.04 8 -0.04

Source: authors’ analysis based on data from the VLSS 1993-1
Note: The “groups dominated” (iitalics) are those groups for which the difference in poverty imgssignificant at 5 percent.
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Table 5: Impact of proportionately targeting consumptiarbaimensional poverty: Vietnam 1992-19931(x )

Ranking  Group Population Groups Group Population Groups Group Population Groups Group Population Groups
poverty dominated poverty dominated poverty dominated poverty dominated
change change change change

Pand A: oty = ay =0

Unidimensional

Product of two dimensions

Multidimensiona

Total impact with spill-over

— (/D) Plaz = —1) G2 /2 Plow = —DP(ay) —o/D[Ploz = —DP(ay) F cov ()]
1 1 -6.8 6:7:9:5:8 1 -4.1 2:9:5:8 1 -4.1 2:3:4:6:7:9:5:8 1 -4.1 2:3:4:6:7:9:5:8
2 4 -5.2 5:8 3 -3.2 9:5:8 2 -2.5 6:7:9:5:8 2 -2.5 6:7:9:5:8
3 3 -4.5 9:5:8 4 -3.2 9:5:8 10 -2.4 5:8 10 -2.4 5:8
4 10 -4.5 9.5:8 6 -2.9 9:5:8 3 -1.9 8 3 -1.9 8
5 2 -4.4 9:5:8 7 -2.6 9:5:8 4 -1.5 4 -15
6 6 -4.2 9.5:8 10 -2.6 9:5:8 6 -1.4 6 -1.4
7 7 -3.8 5:8 2 -2.4 9:5:8 7 -1.3 7 -1.3
8 9 -2.3 9 -1.1 9 -1.3 9 -1.3
9 5 -2.0 5 -0.8 5 -0.9 5 -0.9
10 8 -1.7 8 -0.7 8 -0.7 8 -0.7
Pane B: oy = ay =1
—(az /ZT)[Plaz — 1) — P(az)] —(az/T)[(P(az — 1) — P(az))P(ay)] —(0z/Z)[(Plaz — 1) — P(agz))P(oy) + cov(.)] Total impact with spill-over
1 4 -4.9 7:6:10:1:2.9.5:8 3 -0.5 4:6:1:10:2:9:5:8 3 -0.5 4:6:1:10:2:5:9:8 3 -0.5 4:6:1:10:2:9:8
2 3 -4.5 6:10:1:2:9:5:8 7 -0.4 6:1:10:2:9:5:8 7 -0.4 6:1:10:2:5:9:8 7 -0.5 6:1:10:2:9:8
3 7 -4.2 10:1:2:9:5:8 4 -0.4 10:2:9:5:8 4 -0.4 10:2:5:9:8 4 -0.4 10:2:9:8
4 6 -4.0 10:1:2:9:5:8 6 -0.3 10:2:9:5:8 6 -0.3 10:2:5:9:8 6 -0.4 10:2:9:8
5 10 -2.9 9.5:8 1 -0.3 9:5:8 1 -0.3 5:9:8 1 -0.3 9:8
6 1 -2.8 9:5:8 10 -0.2 9:5:8 10 -0.2 5:9:8 10 -0.3 9:8
7 2 -2.5 9.5:8 2 -0.2 9:5:8 2 -0.2 5:9:8 2 -0.2 9:8
8 9 -1.1 9 -0.0 5 -0.1 5 -0.1
9 5 -0.8 5 -0.0 9 -0.0 9 -0.0
10 8 -0.5 8 -0.0 8 -0.0 8 -0.0

Source: authors’ analysis based on data from the VLSS 1993:1
Note: The “groups dominated” (iitalics) are those groups for which the difference in poverty imgssignificant at 5 percent.



Table 6: Population shares and poverty gaps in consumptidrhaalth di-
mensions: Vietham 1992-1993

Groups Population Consumption Health
shares
PO P1 mean PO P1 mean

0.034 0.695 0.249 1565.785 0.600 0.096 7.617
0.260 0.669 0.211 1834.894 0.551 0.073 7.958
0.160 0.893 0.321 1262.547 0.710 0.100 7.459
0.036 0.930 0.336 1209.299 0.620 0.071 7.711
0.070 0.304 0.077 2936.803 0.397 0.041 8.414
0.172 0.829 0.277 1387.726 0.678 0.083 7.698
0.145 0.862 0.307 1329.38 0.686 0.101 7.521
0.021 0.207 0.031 3348.073 0.431 0.031 8.239
0.032 0.404 0.119 2699.172 0.449 0.038 8.431

10 0.068 0.706 0.261 1552.488 0.572 0.074 7.884
Population 1 0.729 0.247 1679.308 0.607 0.080 7.798

Source: authors’ analysis based on data from the VLSS 1993:1
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Table 7: Impact of additively targeting consumption on tridhsional poverty: South Africa 1993 (R—3)

Ranking  Group Population Groups Group Population Groups Group Population Groups Group Population Groups domi-
poverty dominated poverty dominated poverty dominated poverty nated
change change change change
Pand A: oty = ay =0
Unidimensional Product of two dimensions Multidimensiona Total impact with spill-over
—Plag = —1) —Plaz = —DP(ay) —[P(az = —1D)P(ay) + cov()]
1 4 -4.58 18:3 17 -1.33 2:12:16:1:3:14:18:74 -3.07 3 4 -3.15 3
2 6 -3.85 12:1:7:2:16:18:3 5 -1.25 18:7 15 -2.95 13:1:17:18:16:2.3 15 -3.08 13:1:17:18:16:2:3
3 8 -3.83 1:2:18:3 6 -1.25 2:12:16:1:3:14:18:76 -2.53 1:17:18:16:2:3 6 -2.68 1:17:18:16:2:3
4 15 -3.65 1:7:2:16:18:3 4 -1.19 9 -2.21 9 -2.33
5 5 -3.48 1:2:18:3 8 -1.09 7 8 -2.21 18:3 8 -2.31 3
6 17 -3.23 18:3 15 -1.05 12:1:3:14:18:7 10 -2.08 3 12 -2.26 3
7 10 -3.19 18:3 13 -1.00 2:12:1:3:14:18:7 11 -2.07 18:3 10 -2.25 3
8 11 -3.04 18:3 10 -0.98 12:1:3:14:18:7 5 -2.01 3 11 -2.24 3
9 13 -2.88 18:3 11 -0.85 1:3:18:7 12 -2.00 3 5 -2.15 3
10 9 -2.59 9 -0.73 13 -1.93 3 14 -2.10 3
11 12 -2.58 3 2 -0.67 18:7 14 -1.93 13 -2.03 3
12 14 -2.35 12 -0.50 7 -1.84 3 7 -2.03 3
13 1 -2.25 3 16 -0.50 1 -1.54 3 1 -1.79 3
14 7 -2.15 1 -0.47 17 -1.43 3 17 -1.78 3
15 2 -1.89 3 -0.45 18 -1.35 3 18 -1.59 3
Panel B: oix =y =1
—(az[22)[P(az — 1)] —(aw/z2)[Ploz — 1)P(oy)] —(ae/22)[P(az — 1)P(oy) + cov(.)] Total impact with spill-over
1 3 -5.44 13:6:15:11:4:10:2:5: 3 -0.26 13:6:4:2:15:10: 3 -0.27 13:6:10:15:4:8: 3 -0.31 13:6:10:15:9:4:
12:16:17:14:8:7:1:18 9:11:8:17:16:12: 2:9:11:16:12:17: 8:2:11:16:12:17:
1:18:7:14 18:14:1:7 14:18:1:7
2 9 -4.78 11:2:5:12:16:17:14:8: 13 -0.18 9:11:8:17:16:12: 13 -0.20 9:11:12:17:18:14: 13 -0.24 9:2:11:12:17:14:
7:1:18 1:18:7:14 1.7 7
3 13 -4.60 6:15:11:2:5:12:16: 6 -0.16 11:8:17:16:12:1: 5 -0.20 5 -0.22
17:14:8:7:1:18 18:7:14
4 6 -3.96 5:12:16:17:14:8: 5 -0.13 6 -0.17 12:17:18:14:1:7 6 -0.18 12:17:14:18:1:7
7:1:18
5 15 -3.84 12:16:17:14:8:7:1:18 4 -0.13 12:1:18:7:14 10 -0.16 12:17:18:14:1:7 10 -0.18 12:17:14:18:1:7
6 11 -3.71 12:17:14:8:7:1:18 2 -0.12 12:1:18:7:14 15 -0.15 12:17:18:14:1:7 15 -0.18 12:17:14:18:1:7
7 4 -3.61 12:17:14:8:7:1:18 15 -0.12 12:1:18:7:14 4 -0.14 17:18:14:1:7 9 -0.16 12:17:14:18:1:7
8 10 -3.60 12:17:14:8:7:1:18 10 -0.12 12:1:18:7:14 8 -0.14 7 4 -0.15 14:18:1:7
9 2 -3.14 17:8:7:1:18 9 -0.11 12:1:18:7:14 2 -0.13 18:14:1:7 8 -0.15 18:1:14
10 5 -2.33 11 -0.10 12:1:18:7:14 9 -0.13 17:18:14:1:7 2 -0.15 18:1:14
11 12 -2.03 18 8 -0.08 11 -0.12 17:18:14:1:7 11 -0.14 17:14:18:1:7
12 16 -1.94 17 -0.07 18:7:14 16 -0.10 16 -0.11
13 17 -1.79 16 -0.05 12 -0.07 7 12 -0.08 7
14 14 -1.74 12 -0.04 17 -0.06 7 17 -0.08 7
15 8 -1.67 1 -0.03 18 -0.05 7 14 -0.06
16 7 -1.65 18 -0.02 14 -0.05 18 -0.05 7

Source: authors’ analysis based on data from the SAIHS 1993.

Notes: The “groups dominated” (itelics) are those groups for which the difference in poverty impgsignificant at 5 percent;
Lower ranked groups that do not dominate any group are nottegpin the table for lack of space.



Table 8: Population shares and poverty gaps in the consamgtid health
dimensions: South Africa 1993

Groups Population Consumption Health
shares
PO P1 mean PO P1 mean

1 0.068 0.251 0.078 473.337 0.210 0.021 9.109
2 0.013 0.515 0.207 194.412 0.356 0.040 8.356
3 0.146 0.894 0.473 107.529 0.384 0.048 8.474
4 0.016 0.593 0.209 256.718 0.261 0.036 8.993
5 0.015 0.383 0.125 226.900 0.361 0.057 8.404
6 0.140 0.649 0.232 158.029 0.324 0.041 8.646
7 0.038 0.271 0.085 365.650 0.115 0.014 9.211
8 0.022 0.274 0.097 294.640 0.286 0.046 8.903
9 0.024 0.785 0.399 130.403 0.284 0.024 8.901
10 0.034 0.591 0.250 238.046 0.306 0.033 8.740
11 0.063 0.610 0.252 189.990 0.279 0.028 8.772
12 0.025 0.333 0.096 402.422 0.196 0.018 8.781
13 0.151 0.755 0.355 138.297 0.346 0.039 8.517
14 0.011 0.285 0.118 376.269 0.171 0.012 9.221
15 0.057 0.631 0.274 199.732 0.287 0.031 8.727
16 0.012 0.318 0.125 354.744 0.273 0.026 9.359
17 0.029 0.294 0.123 252.045 0.412 0.038 8.375
18 0.137 0.196 0.063 600.252 0.193 0.021 9.301
National 1 0.554 0.241 263.750 0.292 0.034 8.781

Source: authors’ analysis based on data from the SAIHS 1993.
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Appendix B Figures

Figure 1: Consumption density and FGT indices for Southoafs group 3
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Source: authors’ analysis based on data from SAIHS 1993.

Figure 2: Testing targeting dominance for the clasHbf indices @dditive transfers)
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(a) Vietham 1992-1993 (b) South Africa 1993

Note: the first graph shows thevalues of the differences in poverty impact between tamgegroup 2
and targeting group 5 in Vietnam; the second graph shows-tlaues of the differences in poverty impact
between targeting group 15 and targeting group 16 in Soutic&fLighter areas indicate where it is statis-
tically more likely that targeting the first group (in eachtloé two graphs) will reduce poverty faster.
Source: authors’ analysis based on data from the VLSS 1993-4nd SAIHS 1993.
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Figure 3: Testing targeting dominance of group 3 over otmeups for the class dff*2

indices, Vietnam 1992-1992additive transfers)
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Note: the graphs show thevalues of the differences in poverty impact between tamgegroup 3 and
targeting other groups; the lighter areas indicate wheisestatistically more likely that targeting group 3
will reduce poverty faster.

Source: authors’ analysis based on data from the VLSS 1992-1
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Figure 4: Testing targeting dominance of group 3 over otmeups for the class dff*2
indices @dditive transfers), South Africa 1993
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Note: the graphs show thevalues of the differences in poverty impact between tamgegroup 3 and
targeting other groups; the lighter areas indicate wheisestatistically more likely that targeting group 3
will reduce poverty faster.

Source: authors’ analysis based on data from the SAIHS 1993.

Figure 5: Testing the dominance of targeting group 13 oveug for the class off*2
indices @dditive transfers)
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Note: the first graph shows thevalues of the differences in poverty impact between tamgegroup 13
and targeting group 9; the lighter areas indicate wherestasstically more likely that targeting group 13
will reduce poverty faster. The second graph showsptivalues of the difference in the unidimensional
poverty impact between targeting group 13 and targeting@® in the dimension of consumption and
health poverty, respectively.

Source: authors’ analysis based on data from the SAIHS 1993.
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“Sur quoi la fondera-t-il 'économie du monde qu'il veut
gouverner? Sera-ce sur le caprice de chaque particulier? Quelle
confusion! Sera-ce sur la justice? Il I'ignore.”

Pascal
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