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Abstract: We propose simple graphical methods to identify poverty-reducing transfer 
program reforms. The methods are based on Program Dominance curves that 
display cumulative program benefits weighted by powers of poverty gaps. These 
curves can be decomposed simply as sums of targeting dominance curves and 
allocation dominance ones, and can serve to verify whether the assessment of 
program reforms is sensitive to the choice of poverty lines and poverty measures as 
well as to differences in revenue sources and behavioral impacts across programs. 
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1 Introduction

Governments in developed and developing countries try helping the poor in
many different ways. Traditional poverty alleviation programs include inter
alia consumption subsidies (for example, on food, public utilities or trans-
portation) and low-wage public works or other forms of relief for the unem-
ployed. In Latin America and other regions, more recent “smart” transfers
include stipends for poor children conditional on school attendance (e.g., Sk-
oufias, 2001). These transfers are said to be smart because, beyond their
immediate impact on poverty, they are supposed to help achieve long-term
poverty reduction through a positive impact on human capital (by the con-
ditionality component). Even programs which are not explicitly designed
to alleviate poverty may have significant impacts on the poor, and should
therefore be taken into account in an overall poverty reduction strategy.

To estimate the impact of those various programs on poverty and to
suggest reforms to them, analysts often resort to a comparison of some sum-
mary poverty measures with and without the programs. This technique is
known to suffer from several weaknesses. One such weakness arises from a
reliance on some peculiar poverty measures and from a dependence on a few
selected poverty lines to estimate the poverty measures (for a general discus-
sion of the difficulties that this can cause, see Atkinson (1987), Foster and
Shorrocks (1988a, b and c), Jenkins and Lambert (1997), and Zheng (1999,
2000), among many others).

Another difficulty comes from the differential impact on tax revenues and
average deadweight losses of changes in programs. If the various poverty
programs are funded through the same source of government revenue, differ-
ential deadweight losses coming from the use of differential sources of revenue
generation will not be an issue. However, if the programs are funded from
different sources of revenues, then differences in the marginal cost of public
funds that arise from differences in those revenue sources must be taken into
account, and this may affect the overall poverty efficiency of program reforms
(see for instance Slemrod and Yitzhaki (1996)). Yet another difficulty arises
from the need to take into account the differential behavioral changes that
different program reforms can generate among program beneficiaries.

An alternative avenue to the assessment of program impact consists in
the analysis of targeting and of its associated ”errors”. This has been the
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focus of much work in recent years.1. The estimation and the interpretation
of the targeting errors (variably called ”leakage” and ”undercoverage” errors,
”E” and ”F” mistakes, ”Type I” and ”Type II” errors) are nevertheless open
to the same criticism as the above-mentioned method. The size of targeting
errors can be highly sensitive to the choice of a poverty line. Their inter-
pretation also depends strongly on particular value judgements (not always
made explicit) regarding the social welfare objectives of the government – for
instance, that the government cares equally for all poor, regardless of how far
from the poverty line they may be. Through their use of sharp 0/1 indica-
tors, targeting errors also tend to differentiate (too) drastically between the
poor and the non poor, in particular between those in similar circumstances
but who just happen to lie on opposite sides of a poverty line.

The tools developed in this paper can help alleviate most of the above
concerns. More precisely, the paper builds on the stochastic dominance liter-
ature and proposes simple graphical methods for analyzing program reforms
that can make the assessment of such reforms robust to the choice of poverty
lines and poverty measures as well as to differences in revenue sources and
behavioral impacts across program reforms. Program reforms that decrease
poverty ”robustly” will be called ”poverty efficient”. The graphical methods
are based on Program Dominance (PD) curves. PD curves are analogous
to the Consumption Dominance curves proposed by Makdissi and Wodon
(2002) and Duclos, Makdissi and Wodon (2002) for the analysis of indirect
tax reforms.

First-order PD curves simply show the share in total program benefits
of those individuals at a given income level. Second-order PD curves in-
dicate the cumulative share of total program benefits of those with income
below a given threshold. Higher-order PD curves weight program benefits
by increasingly higher powers of poverty gaps. Increasing expenditures on
program k and decreasing expenditures on program l is poverty efficient for
all poverty lines up to some z+ and for all poverty indices of a given ethical
order if the PD curve of that order for program k is higher than the PD
curve for program l at every threshold under z+.

A useful contribution of the paper consists in decomposing the PD curve
of any given program into targeting and allocation components. As recently
noted by Coady and Skoufias (2001) and Wodon and Yitzhaki (2002) in the

1See for instance Baker and Grosch (1994), Cornia and Stewart (1995), Ravallion and
Datt (1995), Grosch (1995), and Wodon (1997)
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context of social welfare and inequality analysis respectively, a program’s
“good” impact can be due to good targeting ( i.e., the poor are more likely
to benefit than the non-poor), as well as to a good allocation of benefits
among program participants (poorer individuals among participants receive
larger benefits) – or both. We show that a PD curve can be decomposed
simply into the sum of a targeting dominance (TD) curve – which only
takes into account who benefits or not from the program – and an allocation
dominance (AD) curve – which captures differences in benefit allocations
among program beneficiaries.

While examination of PD curves may suggest that one program dom-
inates a second, that second program may well dominate the first from a
targeting point of view, as revealed by a comparison of their TD curves, or
from an allocation point of view, as revealed by a comparison of their AD
curves. Although program reforms would usually be implemented on the
basis of the comparison of their PD curves, the information provided by the
TD and AD curves enables detecting the effect of targeting and allocation
rules on the overall performance of various programs.

For example, “bad” targeting may be intentional to gain middle class
political support for a given program. In such a case, however, a progressive
allocation mechanism among program participants may still make an exten-
sion of the program desirable. By contrast, a program may target a specific
group whose members tend on average to be poor, but the allocation mech-
anism may be so much in favor of the richer members of that group that the
program overall is not efficient in reducing poverty. Combining information
on the overall as well as on the targeting and allocation impacts may thus
be very useful to suggest reforms to improve program performance.

Analogously to what is done in Duclos et al. (2002), we also use the
properties of the PD curves to estimate the critical poverty line up to which
a program reform can be considered to be poverty efficient at a given order
of dominance. We further suggest how the taxation mechanisms implicit in
the various programs, as well as their behavioral effects, may affect whether
a program reform can be said to be poverty efficient or not.

We illustrate the methods with a comparison of two Mexican programs.
The first is called PROCAMPO, a cash transfer for farmers designed to
facilitate the transition to a rural market economy. The program was created
in 1994 to offset the potentially negative impact of the termination of farming
support programs (within the broader context of the liberalization of the
Mexican agriculture agreed upon as part of the North American Free Trade
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Agreement). PROCAMPO transfers are given to eligible producers of basic
crops on a per hectare basis. The program is due to be phased out in 2008.

The second program is Liconsa (Leche Industrializada Conasupo). It pro-
vides milk subsidies for qualifying families. To qualify, families must earn less
than two minimum wages and have children under the age of 12. Compar-
ing TD curves reveals that PROCAMPO is better targeted than Liconsa.
However, when allocation effects (the AD curves) are taken into account,
the resulting comparison of the PD curves suggests that it would be poverty
efficient to expand Liconsa and to reduce funding for PROCAMPO. This
conclusion is nevertheless sensitive to differences in the behavioral impacts
of the two programs. When likely differential behavioral impacts are taken
into account, PROCAMPO becomes again the better program for efficient
poverty reduction.

The rest of the paper proceeds as follows. Section 2 develops the analyt-
ical framework, Section 3 presents the empirical illustration, and Section 4
concludes.

2 The framework

2.1 Program reforms

For expositional simplicity, we assume that transfer programs simply add to
individual incomes2. Poverty is assessed on the basis of the distribution of
these individual incomes. An existing program k transfers an average amount
tk (y) per beneficiary of pre-reform income y, whose value is assumed to range
from from 0 to a. The proportion of the population at income y that benefits
from the program is given by τ k (y). Working in a continuous setting, let F (y)
be the cumulative density function of y, and let f(y) be its derivative, the
density of income at y. A ”targeting function” can then be defined as

φk (y) = τ k (y) · f (y) . (1)

Φk =
∫ a

0
φk (y) dy ≤ 1 denotes the overall share of the population that bene-

fits from the program. The cumulative distribution function Gk(y) of benefit

2The framework could be easily extended to apply to any policy that affects well-being,
directly or indirectly.
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recipients is given by

Gk(y) =

∫ y

0
φk(x)dx

Φk

, (2)

and the density of recipients is then

gk(y) =
dGk(y)

dy
=

φk(y)

Φk

. (3)

Program k’s mean transfer across the population is given by

Tk =

∫ a

0

tk (y) φk (y) dy, (4)

although the average transfer among program k’s beneficiaries equals

tk =
Tk

Φk

=

∫ a

0

tk (y) gk (y) dy. (5)

To identify poverty-efficient program reforms and to assess the targeting
and allocation efficiency of alternative programs and program reforms, we
will consider marginal increases in benefits that have the same relative dis-
tribution as the relative distribution of initial transfers, so that an agent at
income y who is already in receipt of a transfer tk (y) will see his net income
increase by tk (y) dtk following the reform. Those not already in receipt of
the transfer will not be affected by this marginal reform. The impact of such
a reform can then be decomposed into targeting and allocation components
as follows:

tk (y) dtk = tk dtk︸ ︷︷ ︸
Targeting

+
(
tk (y)− tk

)
dtk︸ ︷︷ ︸

Allocation

. (6)

The reform tk (y) dtk has the effect of keeping unchanged the relative distribu-
tion of benefits, since everyone’s benefit is increased by the same proportion.
The targeting component assigns the same absolute marginal benefit to all
existing recipients. The allocation component adds marginally to benefits
among recipients in proportion to the difference between existing individual
and mean allocation.

To describe in greater details the distributive impact of these various
components, note that a concentration index of benefits among recipients
can be expressed as (see for instance Rao (1969))

Ik = 2 ·
∫ a

0

tk − tk (y)

tk
(1−Gk(y)) dGk(y). (7)
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Ceteris paribus, the lower the value of Ik, the more progressive (and the
more ”pro-poor”) is the benefit k – for a discussion, see Kakwani (1977) and
Pfähler (1987) for instance.

Using (6) and (7), it follows that the proportional reform tk (y) dtk has
no impact on the program’s concentration of benefits within its beneficiaries,
since it increases tk (y) and tk by the same proportion. The mean transfer
increases, however, by tk dtk.

The mean effect of the allocation component in (6) is nil, since
∫ a

0

(
tk (y)− tk

)
dtk dF (y) =

(
tk − tk

)
Φk dtk = 0. (8)

The allocation component therefore involves a pure redistribution of benefits
among recipients. It has the simple impact of spreading benefits away from
their mean by a proportional factor dtk. As can be checked from (7), this
changes the concentration index by Ikdtk. If the concentration index was
negative initially (corresponding to a progressive benefit) it makes it even
more progressive, and if it was regressive initially (corresponding to a posi-
tive concentration index), then the allocation effect increases its regressivity
among benefit recipients.

As for the targeting component in (6), it changes mean transfers by tk dtk.
Being the same in absolute value for all beneficiaries, this targeting impact
equalizes the distribution of transfers among recipients. As can be checked
from (6) and (7), it changes Ik by −Ikdtk/(1 + dtk), and thus moves the
original concentration of benefits among recipients towards 0. If the concen-
tration index was negative (i.e,, progressive) initially among recipients, the
targeting effect makes it less progressive, and if the benefit was regressive
initially, the targeting effect makes it less so.

2.2 Poverty impact

Next, to assess the impact of a marginal program reform on poverty, we
follow much of the literature and focus for simplicity on additive poverty
indices. Let P (z) be such an additive poverty index. It can be expressed as:

P (z) =

∫ a

0

p (y, z) dF (y) , (9)

where z is the poverty line and p (y, z) is the contribution to total poverty
of an individual with income y. As in Duclos et al. (2002), we consider the
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class of poverty indices P (z) ∈ Πs (z) with

Πs(z) =



P (z)

∣∣∣∣∣∣

p (y, z) = 0 if y > z, p(y, z) ∈ Ĉs(z),

(−1)i p(i) (y, z) ≥ 0 for i = 0, 1, ..., s,
p(t) (z, z) = 0 for t = 0, 1, ..., s− 2 when s ≥ 2,



 (10)

where Ĉs(z) is the set of continuous functions which are s-time piecewise
differentiable over [0, z], and where the subscript (s) stands for the sth-order

derivative with respect to y. The Ĉs(z) continuity assumption is used for
analytical simplicity.3

When s = 1, poverty indices weakly decrease (p(1) (y, z) ≤ 0) when an
individual’s income increases. These indices are thus “Paretian”: increasing
anyone’s income cannot be bad for poverty. They are also symmetric: inter-
changing any two individuals’ incomes leaves unchanged the poverty indices.
Poverty indices within Π2 (z) are also convex and must thus respect the
Pigou-Dalton principle of transfers: a mean-preserving transfer of income
from a higher-income person to a lower-income weakly decreases poverty.
The Π2 (z) indices are often said to be ”distribution-sensitive” poverty in-
dices. The poverty indices that belong to Π3 (z) must also be sensitive to
favorable composite transfers, namely, that a beneficial Pigou-Dalton transfer
within the lower part of the distribution, accompanied by an adverse Pigou-
Dalton transfer within a higher part of the distribution, must weakly reduce
poverty, provided that the variance of the distribution is not increased. The
interpretation of higher-order classes of indices follows analogously.4

A particular subclass of additive poverty indices is found in Foster, Greer
and Thorbecke (1984). It is defined for α ≥ 0 by

FGTα
F (z) =

∫ z

0

(
z − y

z

)α

dF (y) . (11)

FGT 0 (z) gives the most widely used index of poverty, the so-called poverty
headcount, and FGT 1 (z) yields the (normalized) average poverty gap. Note
that FGT α (z) belongs to Πs(z) for α ≥ s− 1.

3It could be relaxed to include indices whose (s− 1)th derivative is discontinuous
and which are therefore not s-time piecewise differentiable. It would also be possible
to include non-additive poverty indices (such as the Thon (1979) - Chakravarty(1983) -
Shorrocks(1995) poverty index) within a more general framework.

4For more details, see Duclos et al. (2002).
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The impact on the FGT indices of a marginal proportional increase of
dtk in the resources allocated to program k can be shown to be given by

∂FGT α (z)

∂tk
=

{ −tk (z) φk (z) if α = 0

−αz−α
∫ z

0
tk (y) (z − y)α−1 φk (y) dy if α > 0.

(12)

This impact depends on the targeting function φk(y), on the allocation of
transfers underneath z, and on the distribution of poverty gaps z − y.

The poverty impact in (12) can also be decomposed into a targeting and
an allocation component. Using (6), the targeting component is given by

∂FGTα (z)

∂tk

∣∣∣∣
T

=

{ −tk φk (z) if α = 0

−αz−α
∫ z

0
(z − y)α−1 tk φk (y) dy if α > 0.

(13)

Note that (13) has a structure somewhat similar to FGTα−1 (z), as noted by
Besley and Kanbur (1988) among others. The allocation component is given
by

∂FGTα (z)

∂tk

∣∣∣∣
A

=

{ − (
tk (z)− tk

)
φk (z) if α = 0

−αz−α
∫ z

0

(
tk (y)− tk

)
(z − y)α−1 φk (y) dy if α > 0.

(14)
These distinctions allow comparisons of the impact of three types of pro-

gram changes:

• the poverty impact of a ”proportional” program change that increases
all transfers by the same proportion, thus maintaining intact the rel-
ative distribution (and the concentration index) of transfers among
existing recipients (equation (12));

• the poverty impact of a ”lump-sum” program change that increases
all transfers by the same absolute amount, maintaining unchanged the
population of recipients (equation (13));

• and the poverty impact of an ”allocative” program change that leaves
unchanged the mean transfer that is distributed, but that increases by
the same proportion dtk for all recipients their benefit’s spread from
that mean transfer, thus changing proportionately by dtk the transfer’s
concentration index among recipients (equation (14)).
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2.3 Budgetary impact

Now consider a marginal program reform that reduces marginally the re-
sources devoted to program l in order to increase marginally the resources
allocated to program k. If the programs are funded through identical sources
and if they do not induce behavioral reactions on the part of economic agents,
then the cost to the government of increasing individual income on average
by 1$ is the same regardless of the program. However, programs may be
funded through different means of taxation. They may also induce differ-
ent behavioral responses on the part of their beneficiaries, especially (but
not uniquely) if conditionalities are involved. In both cases, there can exist
differential economic efficiency costs to raising individual incomes.

In order to take these factors into account, we need to evaluate the impact
of marginal program reforms on the government budget. Let us denote by
B this budget. The impact of a proposed program reform on the budget is
given by

dB =
∂B

∂tk
dtk +

∂B

∂tl
dtl. (15)

Assuming budget neutrality, we have dB = 0, and we may define an economic
efficiency ratio γ for additional expenditures on the two programs as

γ =
(∂B/∂tk) /Tk

(∂B/∂tl) /Tl

. (16)

The numerator in (16) gives the cost in government resources per dollar of
increase in per capita income that is generated by reforming program k. The
denominator gives the same indicator for a reform of program l.

The definition of γ implicitly takes into account potential differences in
the marginal cost of financing the two programs as well as potential differ-
ences in their behavioral impacts. If, for instance, running program k is
proportionately more costly administratively than running l, then γ will ex-
ceed 1. If the revenue source used for financing program k is less economically
efficient than that for financing program l – because the deadweight loss and
the economic distortions of using k’s source of finance are larger – then again
γ will exceed 1. If program l is better designed to induce benefit recipients to
decrease less (or increase more) their labor supply or other income-generating
activities, then program l will be more efficient in generating increases in net
income, and γ will again exceed 1.
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For example, it will be argued in the empirical section that PROCAMPO,
one of the two Mexican programs under review, may have multiplier effects,
so that one peso in transfers can be expected to generate approximately
an additional peso in revenues for beneficiaries. If Liconsa, the other pro-
gram under consideration, does not have a similar behavioral impact, then
abstracting from the issues related to the marginal cost of public funds, it
could cost only half as much in budgetary terms to use PROCAMPO rela-
tive to Liconsa in order to increase individual incomes by one peso. In other
words, PROCAMPO could be twice as economically efficient as Liconsa, and
this would reflect itself in (16) in the derivatives of B with respect to dtk and
dtl.

2.4 Poverty-efficient program reforms

Now, the ranking of the above program reforms may also well be contingent
on the particular choice of a poverty line and of a poverty index. An impor-
tant purpose of this paper is to identify program reforms that are poverty
efficient – in the sense of necessarily decreasing poverty for all poverty indices
P (z) ∈ Πs (z) and for all poverty lines up to some z+. To do this, use (12)
and define the program dominance curve for program k as PDs

k (z):

PDs
k (z) = −Tk

−1∂FGT s−1 (z)

∂tk
(17)

=

{
tk(z)

tk
gk (z) if s = 1

(s− 1)z1−s
∫ z

0
(z − y)s−2 tk(y)

tk
gk (y) dy if s > 1.

(18)

Note that PD1
k (z) is the density of public spending on program k that is

spent on individuals with income z. PD2
k (z) gives the cumulative share of

public spending on program k that is spent on individuals with income z
or less5. As we will see in the illustration, this provides valuable descriptive
information on the distribution of transfers. For s ≥ 3, these shares are
weighted by a power of the poverty gap which is increasing with s.

This leads to the following result (proofs appear in the appendix).

Proposition 1 A revenue-neutral marginal policy reform that increases pro-
portionately all transfers under program k and reduces proportionately all

5Assuming that, for expositional clarity, we normalize PD2
k (z) by 1/z . This, we do

implicitly throughout the paper for all second-order dominance curves.
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those under program l will reduce poverty for all poverty indices P (z) ∈ Πs (z)
and for all poverty lines z ∈ [0, z+] if and only if

PDs
k (y)− γPDs

l (y) ≥ 0 for all y ∈ [
0, z+

]
. (19)

For s = 1 and assuming γ = 1, condition (19) means that the share of
public spending on program k that is directed to individuals with income y
must be higher than the share of the public spending on program l directed
to the same individuals, and this must be the case at every income level lower
than z+. For s = 2 and γ = 1, condition (19) implies that the cumulative
share of spending on program k that is directed to individuals with income y
or less must be higher than the corresponding cumulative share for program
l, again for every income level lower than z+. Whatever the ethical order of
the classes of poverty indices, we need to assess whether the PD curve for a
program k is higher than that for a program l, and this, at all income levels
up to z+. If this is so, it is poverty efficient to inject proportionately more
resources into program k at the expense of program l.

To assess the impact of a ”lump-sum” marginal program reform, we use
(13) and define a targeting dominance curve as:

TDs
k (z) = −Tk

−1 ∂FGT s−1 (z)

∂tk

∣∣∣∣
T

(20)

=

{
gk (z) if s = 1

(s− 1)z1−s
∫ z

0
(z − y)s−2 gk (y) dy if s > 1.

(21)

TD1
k (z) represents the density of program beneficiaries at income z. TD2

k (z)
shows the proportion of the population of beneficiaries who have income z or
less. For higher s, TDs

k (z) is simply a linear transformation of the FGT s−2
Gk

(z)
index (the index of those who benefit from the program k).

A program’s targeting rule can be deemed good and will thus provide a
good basis for a poverty-efficient lump-sum program reform

• if, for s = 1, the program focuses on those who are just below the
poverty line (large gk (z) in (21)),

• or if, for s > 1, the program is such that (z − y)s−2 gk (y) in (21)) is
large on average, viz, that the FGT s−2

Gk
(z) index is large.

This leads to the following result.
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Proposition 2 A revenue-neutral ”lump-sum” marginal policy reform that
increases by the same amount the income of all recipients of program k and
decreases by the same amount the income of all recipients of program l will
decrease poverty for all poverty indices P (z) ∈ Πs (z) and for all poverty lines
z ∈ [0, z+] if and only if

TDs
k (y)− γTDs

l (y) ≥ 0 for all y ∈ [
0, z+

]
. (22)

We may also wish to determine whether a single program’s revenue-
neutral allocative reform would be poverty efficient. For this, and using
(14), define the following allocation dominance curve:

ADs
k (z) = −Tk

−1 ∂FGT s−1 (z)

∂tk

∣∣∣∣
A

(23)

=

{
tk(z)−tk

tk
gk (z) if s = 1

(s− 1)z1−s
∫ z

0
tk(y)−tk

tk
(z − y)s−2 gk (y) dy if s > 1.

(24)

Recall that an allocative reform increases by Ikdtk the concentration index
Ik of transfers. This reallocation of the benefits of a program k will tend to
be poverty efficient if those just below the poverty line receive currently more
than their share of the benefit (for s = 1) and would therefore benefit from
a spread-increasing reform, or if there is a positive correlation between the
spreads

(
tk (y)− tk

)
and the poverty contributions (z − y)s−2 gk(y) (for other

values of s).

Proposition 3 A marginal reform of program k that increases proportion-
ately the spread of all transfers from their mean value will decrease poverty
for all poverty indices P (z) ∈ Πs (z) and for all poverty lines z ∈ [0, z+] if
and only if

ADs
k (y) ≥ 0 for all y ∈ [

0, z+
]
. (25)

For any order of poverty dominance, ADs
k (y) is simply the difference

between PDs
k (y) and TDs

k (y). ADs
k (y) may thus be interpreted as the gain

(or the loss) in poverty reduction that is caused by existing allocation rules
following a proportional program reform. The difference ADs

k (y)− ADs
l (y)

curves may therefore be understood as the difference that current allocation
rules make to the assessment of a policy reform involving programs k and l.
Hence:
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Proposition 4 A revenue-neutral marginal policy reform that increases pro-
portionately all transfers under program k and reduces proportionately all
transfers under program l will improve allocation for all poverty indices P (z) ∈
Πs (z) and for all poverty lines z ∈ [0, z+] if and only if

ADs
k (y)− γADs

l (y) ≥ 0 for all y ∈ [
0, z+

]
. (26)

2.5 Bounds to poverty efficiency

Whether one wishes to analyze overall program, targeting or allocation domi-
nance, if the relevant dominance tests fail over an initial range of poverty lines
z ∈ [0, z+], two different routes may be followed. One may increase the order
of dominance until a robust assessment is obtained over the initially-specified
range [0, z+]. One may alternatively estimate an upper critical bound zs for
a range [0, zs] of poverty lines that does not quite extend to z+. The critical
poverty lines zs

P , zs
T , zs

A and zs
AR beyond which conditions (19), (22), (25)

and (26) do not hold anymore are given respectively by

zs
P = sup {z : PDs

k (y)− γPDs
l (y) ≥ 0, y ∈ [0, z]} , (27)

zs
T = sup {z : TDs

k (y)− γTDs
l (y) ≥ 0, y ∈ [0, z]} , (28)

zs
A = sup {z : ADs

k (y) ≥ 0, y ∈ [0, z]} , (29)

and
zs

AR = sup {z : ADs
k (y)− γADs

l (y) ≥ 0, y ∈ [0, z]} . (30)

Estimators ẑs of these critical values are given by replacing the population
distribution with the sampling one. Their use will be illustrated in the next
section.

3 Empirical illustration

3.1 Mexican programs and data

We now apply the above tools to an illustrative analysis of the impact of
a balanced-budget reform involving two Mexican transfer programs. The
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first program, the ”Program of Direct Payments to the Countryside” (PRO-
CAMPO), is an income-support program for agricultural producers started
in 1993/94. As noted by Cord and Wodon (2001), the program aims to
ease the transition towards a market economy and specifically to facilitate
the agricultural sector’s adjustment to the removal of guaranteed prices and
market support for key grains and oilseeds. It provides agricultural produc-
ers (those with the legal usufruct rights over the land) with a fixed payment
per hectare that is not linked to current production trends. The number of
eligible hectares per producer is the number of hectares the producer had
devoted to the production of one of the nine PROCAMPO crops (maize,
beans, wheat, cotton, soybeans, sorghum, rice, barley, safflower and barley)
in one of the three agricultural cycles preceding August 1993. The payments
are made per hectare for each crop season and, for greater transparency, are
fixed at the same level across the country. PROCAMPO is a transitional
program expected to terminate in 2008.

The second program is Liconsa (Leche Industrializada Conasupo). Qual-
ifying families can purchase from 8 to 24 liters of milk per week at a discount
of roughly 25 percent off the market price. To qualify, families must earn
less than two minimum wages and have children under 12. The ration of
milk is determined by the number of children under the age of 12 (8 liters for
families with one or two children, 12 liters for three children, and 24 liters for
4 children or more). About 5.1 million children benefit from such subsidies.

This illustration uses household level data from the 1997 ENCASEH sur-
vey conducted by the staff of PROGRESA, a large Government agency. The
survey covers most areas of the countries and it has detailed information on
program participation. Another survey which is more often used for work
on poverty in Mexico is the ENIGH income and expenditures survey, which
is conducted every two years. Unfortunately, the ENIGH does not have the
information on program participation required here.

3.2 First-order poverty efficiency

Figure 1 provides estimates of the PD1(z), TD1(z), and AD1(z) curves for
different values of z. Per capita incomes on the horizontal axis have been
normalized by regional poverty lines so that cost-of-living differences between
urban and rural areas are taken into account. A value of one indicates that a
household is at the level of the urban/rural poverty line. With these poverty
lines, 68.7 percent of the population is poor (those with per capita income
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below z = 1).
The precise values of the PD1(z) and TD1(z) curves for z = 0.5, z = 1,

and z = 2 and their standard errors are given in Table 1. The standard er-
rors are based on the formulas derived in Duclos et al. (2002) and estimated
using the DAD software (Duclos, Araar and Fortin, 2001). The values of the
AD1(z) curves for the various thresholds are not given in the table, but they
can be readily obtained as the differences between the PD1(z) and TD1(z)
curves. The two PD1(z) curves cross at ẑ1

P = 0.889, with a standard error of
0.047. Hence for any choice of poverty line z below approximately z = 0.812,
if there were no differences in relative economic efficiency between the two
programs (γ = 1), a policy maker could be confident (with a statistical confi-
dence level of 95 percent) that increasing funding for a proportional increase
in the generosity of Liconsa and reducing funding for a proportional decrease
in the generosity of PROCAMPO would reduce poverty for all poverty indices
belonging to Π1(z).

Recall that by (18) the PDs
k (z) curve gives directly the impact of a

marginal proportional increase in program k’s expenditures on the FGT s−1 (z)
poverty index – per peso of additional per capita expenditures (here expressed
in units of the poverty line). PD1 (z) thus provides immediately the impact
of a program extension on the poverty headcount. Note that the point es-
timates of the two PD1 (z = 1) suggest that it would better to downsize
Liconsa and enhance PROCAMPO to reduce the poverty headcount. This
is clearly in conflict with the recommendation of the previous paragraph: it
shows how the choice of poverty lines can matter for poverty and policy anal-
ysis. Note also, however, that the differences between the PD1(z) curves are
not statistically significant beyond their crossing point at around ẑ1

P = 0.89.
While a PD1(z) curve gives the density of program benefits enjoyed by

individuals with income z, the TD1(z) curves give the density of program
beneficiaries at that same income. This useful descriptive information is
again shown on Figure 1. The area underneath each of the density curves
necessarily gives 1. The two TD1(z) curves cross at ẑ1

T = 0.349, with a
standard error of 0.029. For a range of poverty lines up to about z = 0.3 a
policy maker could be 95% certain that increasing funding for a lump-sum
bonification of PROCAMPO, and reducing funding for a lump-sum decrease
of Liconsa benefits, would be first-order poverty efficient and improve the
performance of the two programs taken jointly. For poverty lines beyond
about 0.4, the opposite conclusion would hold.

The difference between the PD1(z) and TD1(z) curves is shown on the
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figure by the AD1(z) curves. This is the difference between the density of
program benefits and of program beneficiaries. Because there are very few
differences in Liconsa per capita benefits by income level among Liconsa
recipients (even though there are differences in total benefits, in proportion
to the number of children below the age of 12 found in the household), the
PD1(z) and TD1(z) curves are nearly identical, so that the AD1(z) curve
takes a value close to zero throughout. For PROCAMPO however, and
for low poverty lines, values of the AD1(z) curve are large and negative,
suggesting a loss in benefits for the very poor in comparison to the share of
benefits that they would have had if there had been no differences in benefits
among program participants.

PROCAMPO thus gives a clear example of the role of the allocation
mechanism among program participants with respect to the overall poverty
impact of a program. While many PROCAMPO beneficiaries are poor farm-
ers with small plots of land, some of the beneficiaries are fairly rich farmers
with large landholdings, and thereby recipients of large PROCAMPO trans-
fers since the transfers are proportional to the amount of land cultivated.
Changing the allocation mechanism for PROCAMPO (that is, reducing its
spread) would certainly improve the program’s impact on extreme poverty
in Mexico.

3.3 Second-order poverty efficiency

Some of the findings obtained for first-order poverty efficiency become stronger
when we consider second-order poverty efficiency, that is, when we focus
solely on ”distribution-sensitive” poverty indices. These findings are shown
on Figure 2 and Table 2. Recall that the PD2(z) and TD2(z) curves rep-
resent, respectively, the cumulative proportions (or cumulative densities) of
program benefits and of program beneficiaries found in households with per
capita income below a certain level. For example, the population below
z = 0.5 is estimated to account for 41.9 percent of Liconsa beneficiaries and
41.1 percent of Liconsa transfers. The same population includes 63.6 per-
cent of the PROCAMPO beneficiaries and 28.1 percent of the PROCAMPO
transfers.

We now observe that the targeting performance of PROCAMPO is un-
ambiguously better than that of Liconsa over a large range of poverty lines,
even though enhancing Liconsa and downsizing PROCAMPO is now second-
order poverty efficient over a similarly large range of poverty lines – extending
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to well above z = 1 – again, under the assumption that marginal economic
efficiency is similar for the two programs. Note here a striking conflict be-
tween the policy conclusions drawn under alternative choices of poverty lines
and poverty indices. Figure 1 suggested that it would be better proportion-
ately to downsize Liconsa and expand PROCAMPO if the aim was to reduce
the headcount index at z = 1. Figure 2 reveals instead that it is better to
invest additional resources in Liconsa at the expense of PROCAMPO for
all distributive-sensitive poverty indices (this excludes the headcount, which
does not obey the Pigou-Dalton transfer principle) and for any reasonable
choice of poverty line.

The two PD2(z) curves still cross, but the crossing point is not shown on
the graph since it takes place at ẑ2

P = 3.931, with a standard error of 0.020.
That the ranking of these two PD2(z) curves is valid over a larger range of
poverty lines than for PD1(z) follows from Lemma 1 in Davidson and Duclos
(2000). Since the differences between the PD2(z) curves are statistically
significant for a large range of z values, a proportional policy reform involving
the two programs would lead to a statistically significant reduction in the
average poverty gap, for a wide selection of alternative poverty lines.

Importantly, therefore, while PROCAMPO is better targeted than Li-
consa, Liconsa is the better program overall for proportional reforms of the
program, viz, when the allocation of benefits among program participants is
also taken into account. Clearly, judging from the AD2(z) curves of Figure
2, an allocative reform that decreased the spread of PROCAMPO benefits
from the mean would be much more favorable to poverty alleviation than a
similar allocative reform for Liconsa.

3.4 The role of economic efficiency

We have assumed so far that the economic efficiency of the two programs was
the same– that is, that γ = 1. While both programs are funded through gen-
eral tax revenues (so that there is no difference in the marginal cost of public
funds), the programs may have different behavioral implications. Research by
Cord and Wodon (1991) and Sadoulet, de Janvry and Davis (1999) suggests
that PROCAMPO may have multiplier effects, so that one peso in transfers
generates one additional peso in revenues for program participants. Various
hypotheses have been advanced to explain this multiplier effect. Thanks to
cash availability and the lifting of liquidity constraints, or thanks to a reduc-
tion in the risk faced by program beneficiaries, PROCAMPO may increase
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household investment and/or enable households to choose riskier investments
with higher expected rates of return. PROCAMPO’s transfers may also be
large and concentrated enough to stimulate the local economy, raising the
demand for local goods and services, thereby creating new income generat-
ing activities. Whatever the reason for PROCAMPO’s multiplier effect, if
such a multiplier effect exists for PROCAMPO but not for Liconsa, then the
ranking of the two programs may be altered.

Return to Proposition 1. Assuming a multiplier of two for PROCAMPO
would be equivalent for checking poverty efficiency to multiplying the pro-
gram’s PDs(z) curves by two (for all orders of poverty dominance). It can be
shown in that case that the PDs(z) curves for PROCAMPO would always
be above those of Liconsa, whatever the value of s and of the income cut-off
z. Hence, directing more resources towards PROCAMPO at the expense of
Liconsa would clearly be deemed poverty reducing for any reasonable choice
of poverty measures and poverty lines. Although this paper’s objective is ob-
viously not to settle definitely this issue of the relative economic and poverty
efficiency of these two Mexican programs, the methodology proposed in it
indicates clearly why and how such issues can matter for the assessment and
the design of public policy.

4 Conclusion

This paper shows how simple graphical tools can be used to assess the poverty
impact of different programs and program reforms. Program dominance
curves are decomposed into the sum of a targeting dominance curve, which
only takes into account who benefits from the program, and an allocation
dominance curve, which reflects potentially large differences in allocations
between program participants. Apart from generating substantial and useful
descriptive evidence on the incidence of transfer programs, the use of these
curves enables analysts to assess the poverty efficiency of program reforms
without having to make strong assumptions on the exact value of poverty
lines or on the nature of the poverty measures to be used. They also give
valuable information to detect the differential effect of targeting and alloca-
tion rules and of economic efficiency on the overall performance of various
programs and program reforms.
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A Proof of propositions

A.1 Proof of proposition 1

Suppose two income distributions A (before a program reform) and B (after
a program reform). Duclos and Makdissi (2000) show that a necessary and
sufficient condition for poverty to decrease when moving from A to B, for all
P (z) ∈ Πs(z), for all z ∈ [0, z+], and for any given s ∈ {1, 2, 3, ...} , is given
by

Ds
A (y) ≥ Ds

B (y) ∀y ≤ z+, (31)

where

Ds
A (y) =

∫ y

0

(y − x)s−1 dFA (x) . (32)

Note that the continuity assumption p(t) (z, z) = 0 for all t ∈ {1, 2, ..., s− 2}
in 10 is important for ordering distributions at dominance orders 3 and
higher. In the context of a marginal program reform, this necessary and
sufficient condition naturally becomes

dDs (y) ≤ 0 ∀y ≤ z+. (33)

We have that

dDs (y) =
∂Ds (y)

∂tk
dtk +

∂Ds (y)

∂tl
dtl. (34)

Using revenue neutrality, (15) and (16), (34) may be rewritten as

dDs (y) =

[
∂Ds (y)

∂tk
− γ

tk
tl

∂Ds (y)

∂tl

]
dtk. (35)

From equation (18), we obtain

dDs (y) = zs−1Tk [−PDs
k (y) + γPDs

l (y)] dtk. (36)

Using (36), for dtk > 0 condition (33) is then equivalent to

PDs
k (y)− γPDs

l (y) ≥ 0, ∀y ∈ [0, z+].

A.2 Proofs of propositions 2, 3 and 4.

Considering the definitions (21) and (24) and the proof of proposition 1, the
proofs of propositions 2, 3 and 4 follow readily.
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Figure 1: Procampo vs Liconsa, Dominance Curves, s=1 
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Figure 2: Procampo versus Liconsa, Dominance Curves, s=2 
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  Source: Authors’ estimation using 1997 ENCASEH. 



Table 1: Comparison of Procampo and Liconsa for s=1, Mexico 1997 
Value of PD and TD curves at various poverty lines for s=1  

Liconsa (1) Procampo (2) Difference (1)-(2) 
 Program dominance (PD) curves 
z=0.5 1.060 

(0.059) 
0.608 

(0.098) 
0.452 

(0.114) 
z=1 0.347 

(0.035) 
0.556 

(0.134) 
-0.209 
(0.134) 

z=2 0.050 
(0.012) 

0.121 
(0.046) 

-0.070 
(0.048) 

 Targeting dominance (TD) curves 
z=0.5 1.024 

(0.060) 
0.771 

(0.064) 
0.252 

(0.086) 
z=1 0.357 

(0.038) 
0.308 

(0.045) 
0.049 

(0.059) 
z=2 0.062 

(0.016) 
0.040 

(0.019) 
0.022 

(0.025) 
Source: Authors’ estimation using 1997 ENCASEH.  Sample size is 9911 observations. 
Incomes are normalized by regional poverty lines. 
 
Table 2: Comparison of Procampo and Liconsa for s=2, Mexico 1997 

Value of PD and TD curves at various poverty lines for s=2  
Liconsa (1) Procampo (2) Difference (1)-(2) 

 Program dominance (PD) curves 
z=0.5 0.411 

(0.018) 
0.281 

(0.037) 
0.130 

(0.041) 
z=1 0.764 

(0.016) 
0.560 

(0.063) 
0.203 

(0.065) 
z=2 0.949 

(0.008) 
0.834 

(0.067) 
0.115 

(0.067) 
 Targeting dominance (TD) curves 
z=0.5 0.419 

(0.020) 
0.636 

(0.023) 
-0.217 
(0.030) 

z=1 0.759 
(0.017) 

0.868 
(0.015) 

-0.109 
(0.023) 

z=2 0.950 
(0.008) 

0.982 
(0.006) 

-0.031 
(0.010) 

Source: Authors’ estimation using 1997 ENCASEH.  Sample size is 9911 observations. 
Incomes are normalized by regional poverty lines. 
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