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Abstract

A crucial feature of multidimensional poverty lies in thddractions that exist
across the dimensions of wellbeing. This has been recagjiizéhe recent literature
on multidimensional poverty measurement, which, in addito the levels of dimen-
sional poverty, has stressed that multidimensional pgwbuld also reflect the joint
distribution of the dimensions. To our knowledge, the #tare has failed, however, in
following up on this important insight to address the impattissue of designing pol-
icy to optimally reduce multidimensional poverty. From angerical perspective, the
different dimensions of poverty are often interconnectad ean mutually reinforce
each other, especially in cases of severe poverty and ddéprivover a relatively long
period. From a normative perspective, it is reasonable gaeathat a greater cor-
relation of deprivation increasesgteris paribus, multidimensional poverty. From a
policy perspective, improving one dimension of well-bejpgpduces a triple effect
on a person’s multidimensional poverty: a direct effectlmmtargeted dimension, an
effect on the joint deprivation, and an indirect and spiléoeffect on the other di-
mensions. For these reasons, optimal multidimensionatpp policy can then differ
from optimal unidimensional-poverty reducing policy. $ipaper assesses formally
the optimal design of targeting under multidimensionalrapph; the theoretical re-
sults are then applied to data from Vietnam (1992-1993 arg¥-1998) and South
Africa (1993).

Keywords: Targeting; Multidimensional poverty; Optimal policy; &ham; South
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1 Introduction

It is increasingly well understood that, to assess poverty multidimensional frame-
work, it is important to take into account the interactionsl ghe correlation between the
relevant dimensions. This matters both for identifying ta@tidimensional poor (see for
instance Alkire 2010) and for measuring the magnitude af fh@verty. The interactions
across the dimensions can occur in various ways, and caretegdother in the short or
in the longer term. For instance, one person’s well-beitrgoates might be jointly deter-
mined with the attributes of his household or community sas when a child’s chances
of survival depend on parental and community charactesigtexternal attributes that may
also affect the individual’s well-being. In many situatshe attributes are positively cor-
related {.e., a deterioration in income worsens nutrition, and worseithah diminishes
household productivity); however, negative correlatials® occur, as when a fall in child
labor decreases household income, at least in the short term

The interconnections between dimensions of well-being lwamspecially strong in
cases of severe deprivation over a long period, where the gaobe victims of vicious
circles (Makdissi and Wodon (2004)). Formulating polickitey into account these inter-
actions can be particularly important; in such instancesneransitory shocks can affect
permanently the future level of well-being by generatingritnuing multi-dimensional
poverty traps” (Thorbecke 2005). In the absence of appatgpolicy, it may well be that
the prevalence of multiple forms of deprivation and greaterelations across dimensions
of well-being will increase over time, at the cost of greatedtidimensional poverty.

The importance of properly taking into account multidimenal poverty objectives
when designing policy has been recognized both in the paliepa and in the scientific
literature. This is implicit for instance in the well-knovizatin American conditional cash
transfers (CCT) programs. Cash transfers are mostly givésmtilies with poor children
with the joint objective of improving both income and othenénsions of well-being, such
as education and health. Although the rationale for thistsaiways made perfectly clear
and explicit, the usual motivation is to design policy inls@cway as to take advantage of
the spill-over effects across dimensions, effects that f&ce both in the short and in the
longer term, as well as to target more specifically thosedhatieprived in more than one
dimension of well-being. Conditionality rules are imposedeverage as much as possible
the cross-dimension effects of the cash transfers.

It is important to note that means and objectives are sonestioonfused. For in-



stance, although the ultimate policy objective is oftenetduce uni-dimensional monetary
poverty, it is regularly the case that multiple means andipsoare used to reduce that
uni-dimensional indicator of deprivation. Although thelipp tools may be multiple, the
ultimate objective in such cases is still the reduction afdimensional poverty. In many
Latin American countries, the CCT targeting tools are basechultidimensional poverty
indices, with the primary objective of finding proxies forp@nent income, without truly
being interested in dimensional deprivations other thaonme or consumption poverty.
As pointed out by Azevedo and Robles (2010), this implenteantatrategy runs the risk
of leading to a sub-optimal fall in multidimensional powe't

Using multidimensional poverty indices to design polideseduce uni-dimensional
poverty can also be non-optimal. This is a point clearly magl®avallion (2011), who
argues for instance that, to reduce income poverty, it i®btd target the income poor, and
that to reduce deprivation in access to public services,ahalogous better to target those
that are deprived of such services. Using a poverty indebntinges up the two dimensions
and produces a multidimensional index of poverty (MIP), ldokead to a sub-optimal
reduction of unidimensional income and public servicesepyv

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

Unlike Ravallion (2011), we take it as given in the contexttué paper that we are
interested in reducing multidimensional poverty. It hasrbgell known for some time,
however, that the optimal policy rules to reduce povertyrayenecessarily based on the
poverty indices themselves — see for instance Kanbur (188d)Besley and Kanbur
(1988) in the unidimensional poverty casé\Ve are not aware of previous work that de-
rives optimal policy rules in order to reduce multidimemsbpoverty. The main goal of

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

2Referring to their MIP, Alkire and Santos (2010) suggestitiiaould be used to target the poorest, track
the Millennium Development Goals, and design policies thectly address the interlocking deprivations
poor people experience.” (p. 1). Although the intentionléac (to reduce a MIP), it is unclear how the MIP
itself can be of direct policy use. Rather, it would seem ehqulicit policy rules need to be derived in order
to reduce optimally the MIP.



this paper is to do this, by formally setting the social obyecfunction in terms of multidi-
mensional poverty reduction, and by taking into accounh blo¢ empirical, the normative
and the spill-over informational importance of the joinstdibution of well-being dimen-
sions. This work thus stresses the importance of consiglénminterdependencies among
multiple deprivations, rather than looking separatelyathedimension, as advocated in
the 2009 Report of the Commission on the Measurement of EoanBerformance and
Social Progress (see Stiglitz, Sen, and Fitoussi 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 ¢outhrough ded-
icated surveys. (...) When designing policies in specifid$ieimpacts on
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.” (pp.) 15-6

The paper proceeds as follows. Section 2 presents the @rdiional poverty index
followed in this study. Section 2.1 discusses the theaktesults of the impact of target-
ing one dimension on the bi-dimensional poverty, due to attiad and a multiplicative
transfer. Section 2.2 derives the conditions determinihggkvpopulation subgroup should
be targeted first in order to get the largest reduction in fadjmn poverty following an
additive and a multiplicative transfer. Section 2.3 englthe previous results by adding
the inter-dimensional spill-over effect. Such theordtiesults and their robustness are
then tested with data from Vietham (1992-1993 and 1997-1888 South Africa (1993)
in section 3. Interesting insights emerge from this applbea it is found, for instance,
that rules to decentralize geographical targeting fundg differ according to whether it
is unidimensional or multidimensional poverty that is sebe reduced by the national
authorities.

2 Theoretical framework

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; see for instance ChakravartykMerjee, and Ranade (1998),
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Tsui (2002), Bourguignon and Chakraverty (2003), Alkirel &oster (2011). All such
indices have the potential to order differently the extenpaverty across distributions.
This also means that they will provide different policy gelides, especially when it comes
to informing the design of targeting schemes. This is pnolaliec, as conflicting policy
guidance will potentially flow from separate ways of measgimultidimensional poverty.

One way to circumvent this problem is to seek unanimity ofgyoguidance across
classes of poverty measurement procedures. To do this, NesvfBuclos, Sahn, and
Younger (2006), which we briefly summarize below. They stgridefining well-being
(measured, for expositional simplicity, over two dimemsi@f well-being,z andy) as a
function A\(z, y) that increases in both andy. An unknown poverty frontieA(x,y) = 0
is then supposed to exist that separates the poor from theaitrontier at which over-
all well-being of an individual is precisely equal to a "payelevel” of well-being, and
below which individuals are in poverty. The set of the poothisn given byA()\) =
{(z,y) |(AM(z,y) < 0}. Multidimensional additive poverty indices can then berespnted
by

POy = [ [ #win dp(e) ®
AN
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.

Duclos, Sahn, and Younger (2006) then defined a first-orgesabf bidimensional
poverty indices. The indices that belong to that class mossider as potentially poor
only those individuals that belong to the largest reasanpblerty set, defined by(\*).
The indices must also be continuous along the poverty fgritie weakly decreasing in
x and iny, and be such that the marginal poverty benefit of an increaséherz or y
decreases with the value of the other variable. AtkinsonBamgrguignon (1982) refer
to this as a property of non-decreasing poverty under a étaion-increasing switch”;
this implies thatgceteris paribus, the greater the correlation of deprivation and the greater
the incidence of multiple deprivation, the higher the lesEimultidimensional poverty.
Higher-order classes of poverty indices are obtained bysimy further assumptions on
the derivatives ofr(x, y; \).

To test for whether the poverty ranking of two distributiemeobust across all members
of one of the above classes of poverty indices, Duclos, SafthYounger (2006) introduce



the following bi-dimensional poverty indices (fax,, o, > 0):

2o — 2\ (2 —y\ "
P(OZI,Oéy,ZI,Zy) ://< > ) ( Z/Z ) dF('I?y) (2)
x Y
0 0

wherez, andz, are poverty lines in dimensionsandy respectively, and Wherézg—fl’)

and (%) are called normalized “poverty gaps” in the poverty litarat Tracing (2) over
areas of values of, andz, draws a “dominance surface”.

They then show that itP4(c, oy, 2, 2,) for some distributionA is greater than
Pg(oy, oy, 25, 2,) for some distributionB over all choices of z,, z,) within A(\*), then
poverty will be unambiguously higher id than in B for all of the poverty indices that
are members of the class of multidimensional poverty measoir order(«,, o) and for
all poverty frontiers that lie within\(A\) C A(\*). Note that these classes of measures
include intersection, union, and intermediate povertysuess, as long as these fit within
A(X*), although the index in (2) is an intersection index. The eose is also true: only if
Py(ag, oy, 22, 2,) is larger thanPs(a,, oy, 2,, 2,) Can we be certain that poverty is unam-
biguously larger inA.

It cannot be argued convincingly that the intersection xndg2) is necessarily better
than all other possible multidimensional poverty indic&dhe superiority of one index
over another is essentially a matter of a value judgment. prheise form of that index
is also debatable: there are many other forms of interseatdices. There are, however,
important advantages in focusing on the form of (2). (2) inisatural generalization
of the popular uni-dimensional FGT indices — see FostereGend Thorbecke (1984).
Through its intersection nature, (2) also focuses on thegsb@f the poor, that is, on
those that suffer from multiple deprivation. Perhaps miogtartantly, if we find that (2) is
consistently lower after some policy than before for a widgrge of intersection poverty
lines, then, by the result above, we also know that a largesadé other poverty indices
with different poverty frontiers will also generate the sapre-and post-policy poverty
ranking. Such a result is unfortunately not available wiith tise of other indices. The use
of (2) can therefore help establish robustness of policdguie and poverty rankings in a
transparent manner.

Much of the paper relies on the derivation of (2) with respecthanges in dimensional
values, through targeting policies or shocks to well-benmticators. Because of this, it is



useful to extend (2) to cases in whiah or o, may be equal to minus one. Let then

2y

P<am=—Lay,zx,zy):f(:c:zx)/(Zy‘y) Fylr=zn)dy @)
0
and, similarly,
Planay = Lama) = 1=2) [ (525) FGly=2)de @
0

It is also useful to rewrite” (o, oy, 2., 2,,) iIN @ way that shows explicitly the role of
attribute correlation in the valuation of multidimensibpaverty. Knowing that

()7 (2]
ol ] el ]
wheref, = max(f,0), we can rewrite (2) as:

P(ow, oy, 24, 2y)

= Pla, %) Plag, 7)) + cov [(_)(_” ©)
T+ v+
whereP (o, z,;) and P(«,, 2,) are the usual unidimensional FGT indices. Thus, the dom-
inance surface over areas of and z, has a height that is determined by the product of
the two unidimensional poverty curves plus the covariamte/een the poverty gaps in the
two attributes. This latter term captures the importancthef‘correlation” between the
two dimensions.

Duclos, Sahn, and Younger (2006) illustrates how this damae term can have a cru-
cial influence on the dominance surfaces. It can for instaapg@en that urban areas unidi-
mensionally dominate rural areas both in income and in thartribut not bidimensionally.
Unidimensional comparisons may be ambiguous, but the antbigan be resolved by the
joint distribution information.



2.1 Theéeffect of targeting x
211 Additivetransfer

Assume that an additive transferis granted to everyone in a population. This is a
simplifying framework; we will enrich it later on in the pape/Ne can then re-write (2)
(droppingz, andz, from the P’s for expositional simplicity) as

P(og, oy, y) = 7? (Zr _Zi — 7>% (ZyZ; y)ay dF(z,y). (7)
0 0

For«, > 0, a marginal change in will change the bi-dimensional poverty index (2) by

= })le _'170@710

ar—1 Qay
Ay Zg — X — 7 Zy — Y ’
_ _Z_IP(%—UP(ay)—cov[(TL < = )J(s)

The first term in (8) is the targeting impact on unidimenslgmaverty identified in
Kanbur (1985). It also corresponds to the well known reshdt the sensitivity of FGT
poverty to changes in well-being is related to the same F@GExnbut with a valuex
equal toa — 1. For multidimensional poverty, this effect must be mulgdiby the level
of uni-dimensional poverty in the other dimensions — thentét(«,) in (8) — although
these other dimensions are not targeted by the transfer. nithgdimensional poverty
impact also incorporates the covariance between the pogeps in the dimensions, to the
powera, — 1 anday,.

If o, = 0, the change in bidimensional poverty is given by:

OP (0, oy, )
vy
Considering (9), the impact is directly proportional to tremsity of individuals around
z, and to the (conditional) unidimensional FGT index of ordein the other dimension
(y), for those around: = z,). The impact of targeting on the intersection bidimensiona
headcount is therefore quite different from the value offteadcount itself.

=—Plo, = —1,0y,7) 9)



2.1.2 Multiplicativetransfer

A commonly-modeled form of transfer increases pre-transidicators by some pro-
portion \. Algebraically, post-transfer poverty can be written as

Play, ay A //( pp— 1+>\)) (zyzgy)ade(%y) (10)

Whena, > 0, the derivative of (10) with respect tois given by

OP(ag, ay, A) Q.

= =~ [P(a, — 1, 0) — P(ag, o)) (11)

Theper capita cost, R, of such a multiplicative transfer is
R=(1+\T7, (12)

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

OP(ag,ay, \) JOR ay

B3 o —m[f’(% —1,00) — Plag, o)) (13)

If a, = 0, the change in the bidimensional headcount per dollar spent

OP(ag,ay, ) JOR z

Comparing (8) to (13), and (9) to (14), itis not possible tpaariori whether for every
per capita dollar spent, an additive transfer contributes more thamkiphicative transfer
to multidimensional poverty reduction. As for bidimensabpoverty index of ordett > 0,
two components play a crucial role: while we know thB(«, — 1, o) — P(ay, ay)]
(which appears in the multiplicative case) is smaller théfw, — 1, «,))] (which appears
in the additive case), we do not know whetl%ﬁ_ﬁ) (in the multiplicative case) is larger
or smaller tharZ=. In particular, the latter component in the multiplicatis@se should
be larger enough with respect to the additive case to be allote than compensate the
first component (which, as discussed, under the multiplieatase results to be lower).
In poor societies where is particularly low and far from the poverty line, we may then



prefer the multiplicative prototype. As for bidimensiopalverty index of order = 0, we
need to compare, with z. If z, is greater thai, then the multiplicative transfer scheme
may be preferred. This is more likely to be the case for pooiesi@s with a fairly equal
distribution inz.

2.2 Socio-economic targeting of dimension x
221 An additivetransfer

Developing the framework above, we can provide insights witich population sub-
group should be targeted in other three used populationrfyotreat most learned dollar
spent. For simplicity, assume that we can we divide the fmipllation into two exclusive
groups,A and B (such as urban and rural areas). Bidimensional poverteis g¢fiven by

P(Oém, Qyy, 7A7 73) = WAPA<am7 Qyy, fVA) + WBPB<am7 Qyy, fVB) (15)

wherew” andw? are the population shares of groupsind B, respectively, and wherg!
and~” are transfer targeted specifically to members of the greugsd B respectively.

To assess whether an additive transfer is better targeteatds groupA or group B,
we need to check whether

OP(ay, ay,vY) | OR < OP(ay, ay,v?) |/ OR (16)
8,YA 8,YA > 8,YB 8,YB

Theper capita cost of an additive transfer is given by
R = wy* + wByB. @an

We start with the case ef, > 0. We then have:

3P Qy, ) = - —1 o
( aAy ) )/ C(?EA _ P (O[x ) yyf}/ ) ( )
alld, S|||||Ia| Iy,
ap a:cv Qo U — _—F (Y:E 1 (&% )

The largest aggregate poverty reduction per dollar speheis obtained by targeting
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that group that has the highe3ta, — 1, o, v7) index. Looking back to (8), we note that
this will be the case for the group which displays the highiggt, — 1) index, the largest
P(«,) index, and the highest covariance betwé&ia, — 1) and P(«,) uni-dimensional
gaps. It is clear that choosing the group to target on thesldsihe P(«,.) indices will
generally not lead to an optimal multidimensional poveetguction strategy.

Fora, = 0, 22 P4(a, — 1,04,7") and 22 PP(a, — 1, ,7") in (18) and (19) above
are replaced respectively By (o, = —1, oy, v*) and P?(a, = —1, o, 7?). Again, the
multidimensional poverty index itself (in this case, theialsFGT index for dimension
but counting only those that are also poor in dimensipis not the right guide to selecting
the optimal group to target in order to reduce national pgvitre mostper capita dollar
spent. Instead, the optimal targeting rule useg/tdanension FGT index of those that are
around ther poverty line, multiplied by how many of the group’s indivials are close to
the z-dimension poverty line.

2.2.2 Multiplicative transfer

Let us now consider the optimal group selection rule undewuipficative targeting
scheme. Theer capita cost of such a scheme is given by

R =w(14+ M7 + WP (1 + \B)zP (20)

and, whem, > 0, changes in poverty due to a transfein groupsA and B respectively
are

OP (0w, oy, A2 OoR Oy
( a)\Ay )/ ONA = A (1+ A4 [PA(O‘JE —Lay) — PA(O‘may)] (21)
and
OP (0w, o, AP OoR Oy
( AP )/ onF = zr ol (@ Loy) — Poas )l (22)

Fora, = 0, the expressions above become

0P(ax,ay,)\A) oR 2y 4 B
ONA N~ FA 1+ )\A)P (= _1>O‘y) (23)
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and

B
et d) | o = s = Loy (24)

The case in which the public transfer is a proportion of disi@nz is less straightfor-
ward to analyze then the case of an additive transfer. Amr d¢fom (13), the reduction
in the multidimensional poverty index is the largest forgagopulations with the lowest
average income and, at the same time, the distance betwepovhrty gaps in dimension
x at the powery — 1 and«, weighted by the poverty gap in dimensignsummed to the
intercorrelation of the two dimensions is the highest. Reetiping in extreme poverty in
a dimension, and thus showing a lower average value of thagmsion, are usually those
for which poverty gaps decrease faster to an increase the difference in poverty gaps
of ordera — 1 anda is likely to be larger for this group. In addition, as disee# the in-
troduction, these people are also likely to show higher gg\gap in other dimension and,
as a consequence, a higher intercorrelation between payegos in different dimensions.
However, for this group, changes in the average value @die to a proportional transfer
are the lowest.

Similarly to what we already discussed for (13), éohigher than 0 the policy advice
is less straightforward and some ambiguity may arise. @mgijlno clearcut conclusions
emerge wherw equals 0. The group the Government should target dependsfen d
ent factors: the population weighted density for dimensiaround its poverty line, the
average value for dimensianand the poverty gap of orderin dimensiony (atx = z,).

In this case, for everper capita dollar spent, the reduction in poverty is highest for
populations with the largest density of dimensioaround the dimension’s poverty line
and showing the lowest average value for dimensgiand the highest poverty gap of order
a in dimensiony (atx = z,).

2.3 Targeting with inter-dimensional spill-over effects
23.1 Transferstodimension x

Now suppose that dimensigris also indirectly affected by additive transfersnade to
dimensionz. We suppose that this spill-over, indirect, effectois captured by a function
y(7y), which is equal tg, in the absence of spill-over effects. We may re-write (7) as

P(og, ay,v) = 0707 (%)% (%@W)ay dF(z,y). (25)
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For expositional simplicity, let us think aof andy as income and nutrition, respectively,
two dimensions in which welfare analysts are supposed toib#yj interested. (25) shows
that a policy that targets income explicitly (for instant&ough a cash transfer) affects
multidimensional poverty directly through its impact ore thoverty gap in dimension,
through its multiplying effect on the gap in the other dimeng;, and through its spill-over
effect on that other dimension, captured in (25) by the fiomcj ().

For o, > 0, the marginabpill-over effect on bi-dimensional poverty of a changen
is then given by

ap(awyayﬁ)
Oy

_ 2y 0y() 2=y \ !
spillover effect ZyP(a“”’V) Jo Oy ( 2y ) di(y)  (26)
ay sy \ () =y )\
+chov {( = )+, o ( % >+ :|7

and fora,, = 0, it equals

OP(ag,ay,7) ’ _ 27
oy spillover effect (27)
W = ()" Pt =)

This spill-over effect adds to the other effects describdaalva, either through the im-
pact of an additive or of a multiplicative transfer on dimensz. For instance, the net
multidimensional poverty effect of an additive transfedimensionz would be the sum
of (8) (or (9) fora, = 0) and either (26) or (27). For a multiplicative transfer, Bgsion
(8) is replaced by (11), and analogously fgr= 0.

The formulation ofy(+y) is sufficiently general to allow for several types of spileo
effects on the second dimension. Special cases includé\addpillover effects, when
y(v) = y + ~, or multiplicative ones, when whey(vy) = (1 + v)y. In all cases, the spill-
over effect is given by the mean of the product of gtgoverty gaps to the power— 1 and
the marginal change in(+y), weighted by the: poverty gaps to the power, . Whether
this indirect effect favors targeting the more severelyrp@pends on whether the severely
poor’s well-being indicatoy is more sensitive to changes:in That may or may not be
the case.

These spillover effects can then be normalized bypdyecapita cost of targeting di-
mensionz. This is done in the same way as in section 2.2. Doing so makessible to
assess which population subgroup should be targeted fistliar to reduce multidimen-
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sional poverty as quickly as possible, subject to resounostcaints. If gper capita cost
can be assessed for each of the the two dimensicasdy, then such a normalization also
allows establishing which dimension should be preferadnigeéted by public expenditures.

3 Applications

3.1 Correationsand inter-dimensional spill-overs

As discussed above, the correlation — and more generabyjdint distribution —
of dimensions is important both for measurement and forcggurposes. Much of this
correlation usually reflects a “natural” distribution ohaénsions. An example is the rela-
tion between maternal nutrition during pregnancy and chigght at birth. Another is the
correlation between child nutrition and schooling perfanoe (and adult labor outcomes):
child malnutrition (especially if experienced during thestiitwo years of life) is usually
associated with lower school and labor performance (seex@ample, Glewwe and King
2001, Heckman 2008 and Alderman, Hoddinott, and Kinsey 2006ome evidence and
discussion).

Some of that joint distribution between indicators of wa#iing can also be driven (at
least partly) by policy. Public investments in perinataiecgor instance, through pre-natal
health visits and nutritional programs for pregnant wontam)improve the health status of
newborn children. Important direct and indirect educadlarosts (including opportunity
costs) can limit the school attendance of the monetarilyr mbdldren, leading to class
repetition and late or no enroliment. In the absence of défble and good-quality public
health services, those that are monetarily poor will alsonbee likely to experience bad
health conditions. This is true in the short term, althouuh éffects may be reinforced
over time through the existence of multidimensional poveeps.

Policy can influence the multidimensional distribution athk indicators in a number
of different ways. The subsidized or free provision of sbsgvices such as education,
health and housing may be one way to alleviate poverty in itkiple dimensions; it may
also serve to reduce the prevalence of multiple deprivation equivalently, to reduce
the correlation across deprivations. Some of the formerafistccountries provide a good
example in that regard. Countries such as Kyrgyzstan anctkigtan show relatively
high child poverty rates in the income dimension, but reabbngood outcomes in terms
of schooling. UNICEF (2011) argues this is partly due to ppbbmmitments towards
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social service delivery and to the effects of the inheritedalist system, which produced
relatively high educational outcomes.

Policies are often designed in a way that (at least in appeeajaries to address the
multidimensionality of poverty. The popularized conditad cash transfer (CCT) pro-
grams intend for instance to break down the multidimengi¢aad multi-generational)
poverty traps both by alleviating monetary poverty and byreasing human capital and
health status. A key mechanism that is employed is the dondiity of the transfers.
The effect on multidimensional poverty of a cash transferditioned on family invest-
ments in child nutrition is likely to be higher than one with@onditionality; the effect on
monetary policy may, however, be reduced by conditiongfityor instance, some of the
transfers cannot then be used for purely income productigngses. The cross-dimension
effects of transfer conditionality have been most extezigitemonstrated in the context of
Latin American countries. For example, Fiszbein and Scljad@9) show plenty of cross-
country evidence of CCT’s positive impacts on child lab@rious health indicators and
access to health services, school enrolment and attendartanost prominently because
of the nature of the program, on income poverty.

The “natural” correlation across attributes of well-besigo depends on the quality
of markets and of social services. When markets do not exiatre highly imperfect,
social programs maybe relatively ineffective at produguugitive spill-over effects on
dimensions other than the targeted one. For example, inteeareas where appropriate
schooling infrastructure is missing or is of poor qualitycsl cash transfers for children
may have meagre effects on school outcomes (see for inskaiaeani, Soares, and Son
2006 and Cockburn, Fofana, and Tiberti 2010).

It is not possible to take into account all of the possiblenattions that may exist be-
tween policy and the multiple dimensions of poverty. It ivertheless feasible and, we
believe, valuable to use the analytical framework devedagd®ove to illustrate how these
interactions should feed into policy design and policy ea&ibn. We do this in two differ-
ent ways. We first assess the poverty impact and the optinadlgimple targeting rules
established on the basis of socioeconomic characteristitswing the strong targeting
tradition of the unidimensional poverty literature. Werhgo beyond the simple rules
by assessing the impact of more realistic policies, pdithat can have spill-over effects
beyond the dimensions that are targeted.
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3.2 Dataand estimation procedures

We apply the analytical approach presented above to thpegate datasets from Viet-
nam and South Africa. These are the Vietnam Living Standardey (VLSS) 1992-1993,
the VLSS 1997-1998 and the South Africa Integrated HouskBarvey (SAIHS) 1993.
These three data sets include information on householdiogpison and anthropometric
measures, which is a major reason for which we are using tfiamm.information leads to
the construction oper capita household consumption (deflated by appropriate spatial and
temporal price deflators) and height-for-agscores KHAZ), standardized by the growth
standards released by WHO (2006). These indicators of rapnetll-being and of health
are used for income poverty and health poverty respectifdlg analysis focuses on chil-
dren under five years old. It is supposed that policy can tgsgecapita expenditure
(dimensionz), but that policy depends on the joint distribution of exgiémre andHAZ
(which we take as dimensiay).

The spill-over effect of targeting expenditures on headtbbtained by estimating the
following simple linear regression model:

Y = o+ Bpx; + Z Brzii + € (28)
k

wherey; is the z-score variable for individual, x; is per capita consumptiong;, is the
coefficient associated tper capita consumption,z; is a set ofk determinantsj, are
their associated coefficients, andis the error term. The econometric model finally re-
tained to estimate the spill-over coefficient is that pregabby Wagstaff, van Doorslaer,
and Watanabe (2003), which uses an OLS estimation with cantyalevel fixed effects
at the level of child’'s commune and where the standard em@<orrected both for het-
eroscedasticity and for the effects of geographic comniewa-clustering. Note that the
model is intended to provide a simple, reduced-form, repridion of potentially complex
mechanisms linking consumption with children’s healthe3é&mechanisms will generally
depend on household composition and intra-householdaitocrules, anyway that is non
observable to the analyst. The cash transfers can be digttilacross household members,
with a reduced effect on the targeted children. Nutritianahsfers could in principle be
potentially better targetable to children, but again thexist substitution strategies that
parents can use in order to substitute away from childreresaiithe additional resources
intended for them.
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Weighted average values HIAZ’s determinants as well as their estimated coefficients
are shown in Table 1. Most of coefficients take the expectgalisi all three surveys: per
capita real expenditure are positively associated to dielalth condition; child’s health
is negatively (convexly) linked to his or her age; in Southriéd being male is asso-
ciated to worse nutrition while having access to improvetitation facilities improves
nutrition only in Vietham 1992-93. Surprisingly, accessstife water sources as well
as mother’s schooling are not statistically significant.e Bpill-over parameters that are
produced are 0.0171 percent for VLSS 1992-1993, 0.009%pefor VLSS 1997-1998
and 0.1766 percent for SAIHS 1993. These parameters ar@nebitas ratio between
In(pc_consumption)'s coefficients in Table 1 and the weighted values of the egptal
of In(pc_consumption). It is then calculated a8.2470/ exp(7.2705) for VLSS 1992-

1993; 0.1885/ exp(7.5709) for VLSS 1997-1998 and).2842/ exp(5.0808) for SAIHS
1993.

Table 1: HAZ regression and descriptive statistics
explanatory variables VL SS92-93 VL SS97-98 SAIHS93
coeff. mean coeff. mean coeff. mean
In(pc_consumption)  0.2470 7.27 0.1885 7.57 0.2842 5.08
(3.61) -2.24 -6.47
age_months -0.0764 32.02 -0.0652 33.43 -0.0567 31.45
(-12.55) (-9.6) (-9.8)
age_months2 0.0010 1328.86 0.0007 1433.78 0.0008 1269.50
(10.88) (7.38) (8.53)
gender 0.0262 0.50 -0.0368 0.51 -0.1232 0.50
(0.54) (-0.67) (-2.71)
safe_water  0.0543 0.79 0.0945 0.73 -0.1752 0.83
(0.5) (1) (-1.72)
safe_sanitation  0.2405 0.14 0.1007 0.20 0.1404 0.35
(2.68) (1.12) (0.95)
schooling_mother  0.0167 6.51 0.0043 2.73 0.0135 5.56
(1.61) (0.12) (1.74)
_cons -3.0117 -2.1653 -1.7532
(-6.27) (-3.42) (-7.14)
Adj R2 0.1551 0.2013 0.1696
observations 2754 2195 3858

Note: t-stat are reported in parenthesis. Explanatoryalbes are not necessarily comparable
across surveys since their definition can differ

Source: authors’ analysis based on VLSS 1992-1993, VLS$-1998 and SAIHS 1993
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3.3 Discussion of results

We proceed by separating the population into separate spblgieon geographical
groups — see their definition in 2. As suggested in WHO (20060.0f-range values (<-5
and >3) for thez-scores are dropped. For ease of exposition, a value of Xdlisdato the
HAZ variable and to the poverty line in the health dimensionhsaitransformation does
not affect any of the substantive results since we are istteden absolute multidimensional
poverty, not relative multidimensional poverty or ineqtyal

A annual monetary poverty line of 1790 thousands Dong (inr81®%ces) is used for
the two surveys of Vietnam, while a monetary poverty line 870.4 Rand is used for
South Africa. These values correspond to around 385 andr@@hational dollars (in
2005 prices) respectively. For health, a poverty line oftehdard deviations is used for
each of the three countries — this threshold is often usedentify moderate-to-severe
stunting (following the transformation of th&AZ variable, the poverty line then changed
to 8). For dominance purposes, different poverty lines ¢&e ased. Specifically, ten
different poverty lines (equal or lower than the official pay line) for each of the two
dimensions were estimated, then giving 100 possible coatibims.

Table 2: Geographical units

(a) Vietnam 1992-1993 milieu (b) Vietnam 1997-1998 milieu (c) South Africa1993 o : - |
urban rural urban rural mero ur in rurf
RedRiverDelta 6 RedRiverDelta >
Northeast 3 Northeast 4 5
Northwest Northwest 3 7 8

NorthCentralCoast NorthCentralCoast

1

2

3

6

9 10
11 12
13
15
17

region
region

SouthCentralCoast
CentralHighlands
Southeast
MekongRiverDelta

7

0 SouthCentralCoast
1 CentralHighlands
2 Southeast

2 MekongRiverDelta

14
16
17 18

8 5
3 10
4 3
7 10 10
5 7
1 9
5 4
9 8

province
©O~NOUAWNER

We focus on policy impact on bi-dimensional poverty with = «, = 0 ando, =
a, = 1, normalized by theper capita cost of the policy. The geographical units are
ordered according to the importance of the marginal povedwction following a marginal
increase of a transfer in the monetary dimension. An impblésson is that those rankings
change significantly once we move away from uni-dimensitmaards multidimensional
poverty alleviation.

We start with Vietnam 1992, using, = «, = 0. Focusing first on unidimensional
poverty, a significantly larger reduction in poverty headwoper dollar spent is obtained
by targeting unit 1 in comparison with units 6, 5, 3 and 7. Asdquations (9) and (3),
group 1 shows the largest density aroundThe method followed to produce the standard
errors as well as the statistical test to evaluate the éifiee in poverty change between
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units is described in Appendix A. The results are presemetiable 3 (Panel A). The
second-best unit to be targeted is unit 2, whose uni-dimbeaspoverty impact per dollar
spent is significantly larger than 3 and 7. A statistical raglcannot be established with
respect to the other geographical units.

Let us now add the nutritional component as shown in TableaB&PA). When this
term is added (the poverty headcount ratio in the secondrdiror), a significant re-
ranking across the geographical units is obtained. Unitsdl2acontinue to be prioritized
by the targeting policy but in comparison to different uni#ferently from the previous
step, unit 1 is now preferred to units 9 and 8 and no more te @dnd 3. The latter units
shows indeed the largest headcount poverty ratio in nutrit— see Table 4. Targeting
unit 2 is now statistically preferable compared to units @n8 5. The next units to be
prioritized are now units 3, 10 and 6, which give larger ptwezduction compared to unit
5.

Adding the covariance term, which enables to take into actte impact of targeting
geographical units on the joint deprivation of individuaisthe total population, a few
changes in the targeting ranking are observable. Units Ramrd both the first units to be
prioritized by the policy-maker; these units are now statdly preferred to units 5, 3, 8,
6, 4 and 7. Compared to the previous step, targeting unit lbememes statistically better
than units 3, 6 and 4, but loses its dominance on unit 4; silpilaoverty change in unit 2
is now statistically larger than in units 3, 6, 4 and 7, butarogmore with respect to unit 9.
Unit 10 follows; its poverty reduction is statistically ¢gar than that in unit 7. Finally, unit
9is preferred to units 6 and 7 as, around the monetary polegtythe covariance between
the its density function and the poverty headcount raticutnition is sufficiently large.

When also the spill-over component is added as indicategliatéon (27), units 1 and 2
both lose their dominance with respect to unit 8. In addijtionit 10 is now also preferred
to unit 6 while targeting unit 5 allows a statistically largeduction in bi-dimensional
population poverty headcount ratio in comparison to unit 7.

Comparing the policy guidance obtained under unidimeradipaverty to that gener-
ated by a consideration of multidimensional poverty, a feteresting cases emerge. As
an example, from a uni-dimensional perspective (in bothedisions), there is no reason
to prefer targeting unit 1 relative to unit 4. A preference fargeting unit 1 instead of
unit 4 becomes, however, statistically significant undeltigitnensional poverty. Another
interesting case concerns the comparison between units 8.aNhile targeting the mon-
etary dimension, one cannot establish any statisticaépate under the unidimensional
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perspective, conversely unit 7 is statistically prefegablunit 9 if the nutrition dimension
is targeted. However, under a multidimensional approaigeting the monetary results
in a statistical preference for unit 9 as opposed to unit 7.

With o, = o, = 1 — see Table 3 (Panel B) — a large re-ranking across units rsdfou
again when we move away from uni-dimensional towards miaigshsional poverty alle-
viation. As witha, = «,, = 0, the policy guidance can change substantially under unidi-
mensional poverty as compared to a multidimensional agprddnder a uni-dimensional
perspective (in both dimensions), targeting unit 5 doeslootinate any other geographical
units. A preference for targeting unit 5 compared to unit 8dmees, however, statistically
significant from a multidimensional perspective; simyad preference for targeting unit
7 as opposed to units 4 and 6 cannot be established on theobasigimensional poverty,
but it does become statistically significant under multieivsional poverty. On the con-
trary, targeting units 2 and 7 as opposed to units 10 and 1 eaatlwnalized under the
objective of reducing unidimensional poverty, but not unthe objective of alleviating
multidimensional poverty.

As well-know from the poverty literature, the use of diffet@overty indices can affect
substantially the ranking across groups. This is what wemesin Table 3 when Panel A
is compared to Panel B. In particular, if we look at the lastugr of resultstotal impact
with spill-over) we learn that units 1 and 2 are by far the first ones to be fided under
a, = o, = 0 while they are statistically preferred only to units 5, 9 &dith o, =
a, = 1. Interestingly, there is no reason to prefer unit 9 underpineerty gap, while it
does become statistically preferable to units 6 and 7 whebitdimensional headcount is
considered.
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— Table 3: Impact of targeting monetary dimension on bi-disiemal paverty: Vietnam 1992-1993

Panel (A): az = ay =0

—(az/z2)[Pe(az — 1)] —(ow [22)[Pr(0e — 1) Py (o)) —(ow [22)[Pr(oe — 1) Py () + Cou(L)] Total impact with spill-over
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
1 1 -0.00060 6:5:3:7 1 -0.00036 7:9:8:5 1 -0.00036 5:3:876:4 1 -0.00038 5:3:6:7:4
2 2 -0.00045 37 2 -0.00025  9:8:5 2 -0.00025  5:3:8:6:4:7 2 00027  5:3:6:7:4
3 10 -0.00039 3 -0.00023 5 10 -0.00020 7 9 -0.00023  6:7
4 9 -0.00035 10 -0.00022 5 9 -0.00020 6:7 10 -0.00022  6:7
5 4 -0.00035 6 -0.00022 5 5 -0.00015 8 -0.00020
6 6 -0.00033 4 -0.00022 3 -0.00013 5 -0.00018 7
7 5 -0.00032 7 -0.00019 8 -0.00013 3 -0.00014
8 3 -0.00032 9 -0.00016 6 -0.00011 6 -0.00012
9 8 -0.00031 8 -0.00014 4 -0.00010 7 -0.00011
10 7 -0.00028 5 -0.00013 7 -0.00010 4 -0.00011
Panel B): oy = ay = 1
—(aw/zz)[Pr(az — 1)] —(aa/2z)[Pr(az — 1)Py(ay)] —(aa/2z)|[Pr(az — 1)Py(ay) + Couv(.)] Total impact with spill-over
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
1 4 -0.00052 7:6:10:1:2:9:5:8 3 -0.00005 6:4:10:2:9:5:8 3 0.06005 6:4:10:2:5:9:8 3 -0.00006 6:4:10:2:5:9:8
2 3 -0.00050 6:10:1:2:9:5:8 7 -0.00005 6:4:10:2:9:5:8 7 00005 6:4:10:2:5:9:8 7 -0.00005 6:4:10:2:5:9:8
3 7 -0.00048 10:1:2:9:5:8 6 -0.00004  10:2:9:5:8 1 -0.00004 :5:928 1 -0.00005 5:9:8
4 6 -0.00046 10:2:9:5:8 1 -0.00004  9:5:8 6 -0.00004  2:5:9:8 6 -0.00004  2:5:9:8
5 10 -0.00039  9:5:8 4 -0.00004  2:9:5:8 4 -0.00004  5:9:8 4 o@ma  5:9:8
6 1 -0.00039 958 10 -0.00003  9:5:8 10 -0.00003 5:9:8 10 Oo@a 5:9:8
7 2 -0.00037  9:5:8 2 -0.00003  9:5:8 2 -0.00003  5:9:8 2 -0.8000 5:9:8
8 9 -0.00023 9 -0.00001 8 5 -0.00001 8 5 -0.00001 8
9 5 -0.00017 5 -0.00001 9 -0.00001 9 -0.00001
10 8 -0.00012 8 -0.00000 8 -0.00000 8 -0.00000

Source: authors’ analysis based on data from the VLSS 1993-INote: Difference in poverty change between groupsfgignt at 5 percent



Table 4: Population share and poverty gaps in the mone-
I itional di R )
Group Population Monetary Nutrition
share

PO P1 PO P1

1 0.034 0.695 0.249 0.600 0.096

2 0.260 0.669 0.211 0.551 0.073

3 0.160 0.893 0.321 0.710 0.100

4 0.036 0.930 0.336 0.620 0.071

5 0.070 0.304 0.077 0.397 0.041

6 0.172 0.829 0.277 0.678 0.083

7 0.145 0.862 0.307 0.686 0.101

8 0.021 0.207 0.031 0.431 0.031

9 0.032 0.404 0.119 0.449 0.038

10 0.068 0.706 0.261 0.572 0.074

Population 1 0.729 0.247 0.607 0.080
Source: authors’ analysis based on data from the VLSS 1992-

1993

When we move to Vietnam 1997-1998, a similar large re-raplaaross units is ob-
served when we move from unidimensional to multidimendipogerty index under both
a, = ay = 0anda, = o, = 1. Results are shown in Appendix (Figure 7 Panel A and
Panel B; Figure 8).The only notable exception concerns piileoger component. With
a, = oy, = 0, moving from the index including the joint deprivation tawa the complete
definition of the multidimensional poverty adopted in thegppr (i.e. with the spill-over
effect among the dimensions) does not statistically atfleetsocio-economic ranking of
targeting.

Let us now turn to regional targeting in South Africa. Theuftessare shown in Table
5. Let’s concentrate here on the results with= «, = 1 (Panel (B)) and discuss some
particular cases. A few interesting links between unidisi@mal and multidimensional
poverty also emerge when pondering which unit should betadiirst. Unit 17 shows, for
instance, the largest level of health headcount povertyngnatmost all geographical units
(see Table 6) as well as an above the average health povexthugats level of monetary
poverty is not statistically larger than any of the othetsinConsidering multidimensional
poverty, a statistically significant policy preference targeting unit 17 can be established
only with respect to unit 7. Targeting unit 11 is better thargéting unit 12 in terms
of unidimensional poverty in both the monetary and the hediimensions, but this is
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nevertheless not the case when the impact of such targetinguitidimensional poverty
is taken into account.

When we compare the results for the total multidimensiooakpty index witha,, =
a, = 0anda, = o, = 1 we learn that the policy guidance changes dramatically. As
an example, unit 3 is dominated by most of other geographitié whena, = o, = 0,
while with o, = o, = 1 we found that it dominates 16 units out of 17 possible (ung 5 i
the only one not statistically preferred by unit 3). Whilatur8 shows extraordinary large
headcount monetary ratio and nutritional poverty gap (Wieixplains its superiority under
a = 1) (Figure 1 panel (A)), nearly nobody lies around the monepaverty line (which
broadly justifies the small bi-dimensional impact when= 0) (panel (B)). This explain
the big reversal when we move away frem = o, = 0 towardsa,, = o, = 1.
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Table 5 Impact of targeting maonetary dimension on bi-digienal paverty: South Africa 1993

Panel (A): oz = ay =0

—(ow/z2)[Pe(az — 1)]

—(02/2)[Po(az — 1) Py(ay)]

—(0w/z:)[Po(az — 1) Py(ay) + Cov()]

Total impact with spill-over

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
1 4 -0.00458 18:3 17 -0.00133 2:12:16:1:3:14:18:7 4 -0.0030 3 4 -0.00315 3
2 6 -0.00385 12:1:7:2:16:18:3 5 -0.00125 18:7 15 -0.00295 :1:13:18:16:2:3 15 -0.00308 13:1:17:18:16:2:3
3 8 -0.00383 1:2:18:3 6 -0.00125 2:12:16:1:3:14:18:7 6 0253 1:17:18:16:2:3 6 -0.00268 1:17:18:16:2:3
4 15 -0.00365 1:7:2:16:18:3 4 -0.00119 9 -0.00221 9 -0.00233
5 5 -0.00348 1:2:18:3 8 -0.00109 7 8 -0.00221 18:3 8 -0.00231 3
6 17 -0.00323 18:3 15 -0.00105 12:1:3:14:18:7 10 -0.00208 3 2 1 -0.00226 3
7 10 -0.00319 18:3 13 -0.00100 2:12:1:3:14:18:7 11 -0.002028:3 10 -0.00225 3
8 11 -0.00304 18:3 10 -0.00098 12:1:3:14:18:7 5 -0.00201 3 11-0.00224 3
9 13 -0.00288 18:3 11 -0.00085 1:3:18:7 12 -0.00200 3 5 -ab602 3
10 9 -0.00259 9 -0.00073 13 -0.00193 3 14 -0.00210 3
11 12 -0.00258 3 2 -0.00067 18:7 14 -0.00193 13 -0.00203 3
12 14 -0.00235 12 -0.00050 7 -0.00184 3 7 -0.00203 3
13 1 -0.00225 3 16 -0.00050 1 -0.00154 3 1 -0.00179 3
14 7 -0.00215 1 -0.00047 17 -0.00143 3 17 -0.00178 3
15 2 -0.00189 3 -0.00045 18 -0.00135 3 18 -0.00159 3
16 16 -0.00185 14 -0.00041 16 -0.00134 16 -0.00158
17 18 -0.00179 18 -0.00035 2 -0.00126 2 -0.00155
18 3 -0.00117 7 -0.00025 3 -0.00075 3 -0.00081
Panel (B): az = ayy =1
—(aw/zz)[Pr(az — 1)] —(aw/22)[Pr(oz — 1) Py (o)) —(ax/z2)[Pr(az — 1)Py(ay) + Cov(.)] Total impact with spill-over
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
1 3 -0.00544 13:6:15:11:4:10:2:5: 3 -0.00026 13:6:4:20%:11: 3 -0.00027 13:6:10:15:4:8:2:9: 3 -0.00031 1385:9:4:8:2:
12:16:17:14:8:7:1:18 8:17:16:12:1:18:7:14 11:16:128714:1:7 11:16:12:17:14:18:1:7
2 9 -0.00478 11:2:5:12:16:17:14:8: 13 -0.00018 9:11:8:67:2:1:18: 13 -0.00020 9:11:12:17:18:14:1:7 13 -0.000249:2:11:12:17:14:18:1:
7:1:18 7:14 7
3 13 -0.00460 6:15:11:2:5:12:16:17: 6 -0.00016 11:8:17124:18:7: 5 -0.00020 5 -0.00022
14:8:7:1:18 14
4 6 -0.00396 5:12:16:17:14:8:7:1: 5 -0.00013 6 -0.00017 12:28:14:1:7 6 -0.00018 12:17:14:18:1:7
18
5 15 -0.00384 12:16:17:14:8:7:1:18 4 -0.00013 12:1:1&7:1 10 -0.00016 12:17:18:14:1:7 10 -0.00018 12:17:14:18:1:7
6 11 -0.00371 12:17:14:8:7:1:18 2 -0.00012 12:1:18:7:14 15-0.00015 12:17:18:14:1:7 15 -0.00018 12:17:14:18:1:7
7 4 -0.00361 12:17:14:8:7:1:18 15 -0.00012 12:1:18:7:14 4 0.00014 17:18:14:1:7 9 -0.00016 12:17:14:18:1:7
8 10 -0.00360 12:17:14:8:7:1:18 10 -0.00012 12:1:18:7:14 8 -0.00014 7 4 -0.00015 14:18:1:7
9 2 -0.00314 17:8:7:1:18 9 -0.00011 12:1:18:7:14 2 -0.000138:14:1:7 8 -0.00015 18:1:14
10 5 -0.00233 11 -0.00010 12:1:18:7:14 9 -0.00013 17:18:14: 2 -0.00015 18:1:14
11 12 -0.00203 18 8 -0.00008 11 -0.00012 17:18:14:1:7 11  0a1e  17:14:18:1:7
12 16 -0.00194 17 -0.00007 18:7:14 16 -0.00010 16 -0.00011
13 17 -0.00179 16 -0.00005 12 -0.00007 7 12 -0.00008 7
14 14 -0.00174 12 -0.00004 17 -0.00006 7 17 -0.00008 7
15 8 -0.00167 1 -0.00003 18 -0.00005 7 14 -0.00006
16 7 -0.00165 18 -0.00002 14 -0.00005 18 -0.00005 7
17 1 -0.00153 7 -0.00002 1 -0.00004 1 -0.00005
18 18 -0.00119 14 -0.00002 7 -0.00002 7 -0.00002

Source: authors’ analysis based on data from the SAIHS 196t&: Difference in poverty change between groups sigmifiea5 percent



Table 6: Population share and poverty gaps in the mon-
I itional di o h Afri 3
group population monetary nutrition
share

PO P1 PO P1
0.068 0.251 0.078 0.210 0.021
0.013 0.515 0.207 0.356 0.040
0.146 0.894 0.473 0.384 0.048
0.016 0.593 0.209 0.261 0.036
0.015 0.383 0.125 0.361 0.057
0.140 0.649 0.232 0.324 0.041
0.038 0.271 0.085 0.115 0.014
0.022 0.274 0.097 0.286 0.046
0.024 0.785 0.399 0.284 0.024
10 0.034 0.591 0.250 0.306 0.033
11 0.063 0.610 0.252 0.279 0.028
12 0.025 0.333 0.096 0.196 0.018
13 0.151 0.755 0.355 0.346 0.039
14 0.011 0.285 0.118 0.171 0.012
15 0.057 0.631 0.274 0.287 0.031
16 0.012 0.318 0.125 0.273 0.026
17 0.029 0.294 0.123 0.412 0.038
18 0.137 0.196 0.063 0.193 0.021

O©OooO~NO O WNPE

National 1 0.554 0.241 0.292 0.034
Source: authors’ analysis based on data from the SAIHS
1993

3.3.1 Bivariateand Univariate Poverty Comparison

This section presents the results of bivariate and unitedaminance tests. Recall that
the condition for distributior to dominates distributioB is that the difference between
multidimensional poverty i is lower than multidimensional poverty i over a suffi-
ciently large range of poverty lines. In other terms, ovetazlsastic dominance surface
delimited by different combination of poverty lines, afeesocial policy the reduction in
multidimensional poverty ii\ is larger than the reduction in multidimensional poverty in
B.

Let us start with multidimensional poverty dominance t¢&tssimplicity, only domi-
nance tests fot, = , = 1 are presented here). Recall that we used 10 different povert
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Figure 1: Expenditure density and FGT measures in Soutlt&fn unit 3
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lines for the two dimensions, giving 100 possible comboradi We estimated the deciles
of the segment given by the difference between the officiaepy line and the minimum
value in a given distribution; then this segment is addedh&b minimum value. This is
where the 10 poverty lines for each dimension where set. pperdimit of the resulting
region (highest right corner) corresponds to the officialgsty lines, while the poorest
people are in the lower left corner. Let limit the discussiorsome interesting cases and
start with Vietnam 1992-1993. As reported in Figure 2, wheit 8 is compared to unit 8,
its dominance is verified over the whole region plot congeddor this test. If compared
to unit 2, unit 3 is dominant only for upper nutritional potyelines. While the dominance
is confirmed also for lower poverty lines with respect to thenetary dimension, faHAZ
values equal or below (around) 6.5 nutritional poverty gapthe two units are not sta-
tistically different. Finally, unit 3 dominates unit 4 forast of the subregions traced by
the poverty lines. However, it is interesting to note thataistically robust result cannot
be established when the monetary poverty lines is set bat@2@0 and 1800, and the
nutritional poverty line below 6. Indeed, in this subregpat there are no children.

Let turn to South Africa — Figure 3. As already discussed,dpr= o, = 1, unit
3 should be the group to be targeted first. Some specific casoparare worth to be
presented more in detail. Unit 3 dominates unit 14 over thelaegion of poverty lines.
As compared to unit 13, unit 3 dominates only limited to thgioa identified by monetary
poverty lines above around 70 Rand and nutritional povargslabove around 7.5. While
the multiplication of the monetary and nutritional poveatgne does allow a robust ranking
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Figure 2: Testing the dominance of targeting unit 3 versheratnits
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even for lower poverty lines, this is not anymore the casenthe correlation component
is added in. With regard to unit 16, under the univariate pecgve unit 3 dominates in
the case of the monetary dimension over the whole range arpolnes; this is not the
case of the nutritional component. For lower monetary aridtranal poverty lines, unit 3
stops to dominate unit 16 when the nutritional componentiged (that is, multiplied by
the monetary poverty).

As discussed above, focusing on the reduction of univanatef multidimensional
poverty does not necessarily lead to the same policy agdhdatheoretically clear, and
empirically observed, that some socio-economic targetolgeme may be efficient at re
ducing univariate poverty, but may be sub optimal at al@vgamultidimensional poverty;
the reverse is also true.

Consider the results shown in Figure 4 as an example. Thed-tisplays the poverty
impact differences of targeting unit 6 with respect to udids with respect to a relatively
large range of poverty lines. From the perspective of a diegani-dimensional univariate
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Figure 3: Testing the dominance of targeting unit 3 versheranits

3vs 13 3vs 14

P_Value
HAZ
2

T T T T T T T T T T T T
40 60 80 100 120 140 160 80 100 120 140 160

Per capita expenditure Per capita expenditure
3vs 16

P_Value

T T T T T
80 100 120 140 160
Per capita expenditure

Note: the graphs show the P-value of the difference in pg\drange;
Source: authors’ analysis based on data from the SAIHS 1993

poverty in either dimension (Panel (b)), it is possible teofaunit 6 with respect to unit
10 over a relative wide region (though results for nutriibtdimension are robust only for
poverty lines equal or larger than 7.5). The preference finesp however, not statistically
significant when assessing multidimensional poverty dwetdrgest part of the considered
region of poverty lines (Panel (a)).
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Figure 4: Testing the dominance of targeting of group 6 el

|

LRl

~

ol

N

<

a8

Pl

<

©7 i
05

0 o1

oA 0

T T T T T T T T T T
600 800 1000 1200 1400 1600 1800 55 6 6.5
Per capita expenditure

P_value

0105 .1
P

600 800 1000 1600 1800

1200
Per capita expenditure

P_Value

P_value

0105 .1
P

T T
7 75
HAZ

(a) multidimensional (b) unidimensional

Note: the graphs show the P-value of the difference in pg\drange;
Source: authors’ analysis based on data from the VLSS 1993-1

Conversely, using the South African survey, although inthcases neither univariate
poverty reduction is conclusive, for a large range of coratiams of poverty lines pre-
sented here we can conclude that reduction in bivariaterpoue unit 9 is statistically
dominant that in unit 13 — see Figure 5.
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Figure 5: Testing the dominance of targeting of group 9 \&fsdi
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A Appendix 1

Following Theorem ### , one can state formally that targetinoup A leads to a
greater decrease in (bi or uni-dimensional) poverty, aed th greater increase in social
welfare than targeting group at orders if and only if:

A®(21, 29) = APa(21, 22; 8)—APp(21, 20;8) < 0V 21 € [0, 2] andV 25 € [0, 25]. (A.1)

For statistical tests of dominance of targeting a given graer another, a natural formu-
lation of a null hypothesis is thus that of a union of null hitpeses:

Hy : A%(z1,22) < 0 for someY z; € [0, 2] andV 2, € [0, 25 | (A.2)
to be tested against an alternative hypothesis that is @rsattion of alternative hypotheses
Hy : A%(z1,29 > 0forall V2 €0, 2] andV 2, € [0, 25 ]. (A.3)

The decision rule we adopt is then to reject the union set dff mgpotheses (non-
dominance) in favor of the intersection set of alternatiypdtheses (dominance) only
if we can reject each of the individual hypotheses in the sefilat a100 - #% significance
level.

To see this in greater details, denote/by(z) the sample estimator df*(z), by Aj(z)
its sample value, and by? “(2) the sampling variance afﬁS(z). It is worth noting here that
the first order Taylor approximation approach was used iermtal estimate the standard
errors.® Given that by the law of large numbers and the central limgbtlem, all of the
estimators used in this paper can be shown to be consistdrasymptotically normally
distributed. Among the statistical test values, that omeusz in order to take the statistical
judgement on the test, is tiievalue. This value is equal to the smallest significance level
for which the null hypothesis would be rejected in favor o Hiternative hypothesis. Let
0(z1, 22) denotes the estimat&dvalue of the test for a given combination of poverty lines
Let (z1, 20) . Our decision rule is then to reject the set of null hypotkdge?2) in favor of

3See Duclos and Araar (2006), chapter 17 and Rao (1973).
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(A.3) if and only if:

0(21,22) <OV 21 € [0,2] andV z; € [0, 25]. (A.4)
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— Table 7: Impact of targeting monetary dimension on bi-disienal poverty: Vietnam 1997-1998

Panel (A): oz = ay =0

—(0w/z:)[Pe(az — 1) Py(ay) + Cou(.)]

Total impact with spill-over

—(02/22)[Pr(az — 1] —(02/2)[Pe(aw — D Py ()]
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
1 1 -0.00063  6:8:7:5:4 1 -0.00028  6:8:7:5:4 1 -0.00031 9846 1 -0.00034  9:7:5:8:4
2 2 -0.00057  6:8:7:5:4 10 -0.00028  6:8:7:5:4 2 -0.00026 45:8: 2 -0.00027  5:8:4
3 3 -0.00053 4 2 -0.00027  6:8:7:5:4 10 -0.00023 8:4 10 -0.80028:4
4 10 -0.00052  6:7:5:4 9 -0.00024  7:5:4 6 -0.00020 4 6 -0.00022
5 9 -0.00043 54 3 -0.00023 54 9 -0.00016 9 -0.00018
6 6 -0.00033 54 6 -0.00011 54 3 -0.00016 3 -0.00017
7 8 -0.00029 8 -0.00010 7 -0.00015 7 -0.00017
8 7 -0.00026 4 7 -0.00009 54 5 -0.00014 5 -0.00016
9 5 -0.00019 5 -0.00004 8 -0.00012 8 -0.00015
10 4 -0.00011 4 -0.00002 4 -0.00006 4 -0.00009
Panel (B): az = ay =1
—(aw/22) [Pr(oz — 1)] —(aw/za)[Pe(az — 1) Py(ay)] —(aw/z) [Py (az — 1) Py(ay) + Cov(.)] Total impact with spill-over
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
1 3 -0.00043 1:2:6:8:7:5:4 9 -0.00003 1:6:8:7:4:5 9 -0.(000 3:1:8:6:7:4:5 9 -0.00003 3:1:8:6:7:4:5
2 10 -0.00036 1:2:6:8:7:5:4 10 -0.00002 1:6:8:7:4:5 10 0002 1:8:6:7:4:5 10 -0.00002 1:8:6:7:4:5
3 9 -0.00035 6:8:7:5:4 2 -0.00001  6:8:7:4:5 2 -0.00002 657:4 2 -0.00002  8:6:7:4:5
4 1 -0.00028  6:8:7:5:4 3 -0.00001 45 3 -0.00001 45 3 -0.0000 4:5
5 2 -0.00028  6:8:7:5:4 1 -0.00001  6:4:5 1 -0.00001 45 1 a0 45
6 6 -0.00016 54 6 -0.00001 45 8 -0.00001 45 8 -0.00001 45
7 8 -0.00014 8 -0.00001 6 -0.00001 45 6 -0.00001 45
8 7 -0.00011 7 -0.00000 7 -0.00001 5 7 -0.00001 5
9 5 -0.00006 4 -0.00000 4 -0.00000 4 -0.00000
10 4 -0.00006 5 -0.00000 5 -0.00000 5 -0.00000
Source: authors’ analysis based on data from the VLSS 1998-INote: Difference in poverty change between groupsfignt at 5 percent



Table 8: Population share and poverty gaps in the mone-
I itional di R )
Group Population Monetary Nutrition
share

PO P1 PO P1

0.123 0.495 0.113 0.448 0.039
0.223 0.495 0.122 0.481 0.053
0.028 0.773 0.255 0.440 0.028
0.059 0.105 0.022 0.198 0.018
0.031 0.116 0.015 0.202 0.013
0.103 0.288 0.087 0.339 0.032
0.018 0.197 0.063 0.350 0.034
0.030 0.252 0.048 0.363 0.036
0.049 0.627 0.232 0.560 0.073

10 0.337 0.649 0.188 0.546 0.057
Population 1 0.493 0.136 0.456 0.047

Source: authors’ analysis based on data from the VLSS 1997-
1998
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