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1 Introduction

Social policy always operates under second-best conditions. The theoretical ideal of perfectly

efficient, lump-sum transfers conditioned on individual ability is precluded by pervasive infor-

mation and administrative constraints (Kanbur 1987; Mirrlees 1971). Such challenges are typi-

cally more severe in low- and middle-income contexts, where state capabilities and information

infrastructures are comparatively weak. This has generated a long-standing debate between

the merits of universal versus targeted assistance in the design of social programs, such as

those to alleviate poverty.

The case for universal programmes draws on a range of ethical, practical and political econ-

omy considerations (Banerjee et al. 2019; Besley and Kanbur 1991; Mkandawire 2005; Schüring

and Gassmann 2016; Sen 1995). Scholars have contended that targeted programmes are of-

ten politically fragile, lacking a broad base of social and political support necessary for effective

performance. Targeting can be administratively complex and expensive to implement, poten-

tially diverting resources from benefit payments to overheads. Also, evidence suggests that

targeting often performs poorly in practice, generating material exclusion errors (e.g., Brown

et al. 2018), while sometimes creating social divisions and stigma (e.g., Ellis 2012). Indeed,

following Banerjee (1997), the finer the targeting, the greater the scope there may be for con-

testation and corruption in delivery.

On the other hand, a prevailing view holds that targeting is not only technically feasible but also

cost effective (Banerjee et al. 2024; Hanna and Olken 2018). A key argument here is that uni-

versal programmes in resource-constrained settings are likely to involve (at best) moderate

transfers to those in need, entailing low average impacts on welfare. At the same time, target-

ing is viewed as a fairly low-cost and sufficiently accurate tool, at least to exclude a consider-

able swathe of the non-eligible. Consequently, a large literature has investigated how best to

target, developing and testing methods such as proxy means tests, ordeals and community

targeting (see for instance Alatas et al. 2016; Devereux et al. 2017; Hanna and Karlan 2017).

Existing academic literature has generally framed the contrast between universalism and tar-

geting in abstract binary terms.1 However, from a practical standpoint, social programmes are

rarely established at scale from scratch. Whilst universalism may be a long-run aspiration, so-

cial transfer programmes often evolve from (collections of) smaller programs, which expand

and adjust gradually as resources, political priorities, and administrative capacities alter (see

Slater 2023). For instance, as Lindert et al. (2007) describe, Brazil’s flagship Bolsa Família

programme was formed from the consolidation and harmonization of four separate cash trans-

1 This is often implicit, as in Hoddinott (2007). Similarly, a conventional empirical framing contrasts a given target-
ing approach to a universal programme (e.g., Houssou and Zeller 2011).
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fer schemes, the aim being to reduce what were ‘considerable gaps and duplications in cover-

age’. Thus, a key question for policymakers is not a binary one of whether or not to target, but

a pragmatic one of resource allocation. Given existing funds and capacities, when is it more ef-

fective to invest in improving the accuracy of existing targeting schemes, versus simply scaling-

up to reach more people?

This study seeks to answer this question. We begin by developing a simple analytical frame-

work to clarify the trade-offs between scaling-up programme coverage (quantity expansion)

and improving targeting accuracy (quality enhancement). To do so we present four proposi-

tions that link observed rates of poverty and programme quotas to the welfare effectiveness of

alternative social programme designs. First, we show that targeting metrics, such as the share

of eligible beneficiaries and coverage of the eligible, are interdependent, and algebraically con-

strained by observable parameters. Second, we derive analytical bounds on targeting perfor-

mance metrics. These bounds tighten under minimal assumptions about non-regressive tar-

geting and—critically—provide operational benchmarks even when detailed targeting data is

not available (as is often the case).

Third, drawing on these preliminaries, we introduce a diagnostic rule-of-thumb, denoted the

Relative Effectiveness of Scale-up (RES). This quantifies the marginal welfare gain from ex-

panding coverage relative to improving targeting accuracy and can be computed directly from

known values of poverty rates and programme quotas, thus serving as a guide for resource

allocation decisions. Fourth, we extend the analysis to a stylized budget-constrained optimiza-

tion problem, where targeting effort is costly and subject to diminishing returns. We show that

optimal targeting effort is not only decreasing in the unit cost of effort but also in the poverty

rate. As such, the model predicts that zero targeting effort, such as by random selection, can

be optimal in high-poverty, low-capacity (high targeting cost) contexts.

We then apply this framework to Mozambique’s national social pension, the elderly compo-

nent of the Programa de Subsídio Social Básico (PSSB). Combining administrative beneficiary

data and 100% census microdata at the sub-district level, we compute poverty and quota rates

for each administrative post. Our empirical results reveal substantial geographic variation. For

approximately 60% of the relevant elderly population, the RES metric exceeds unity, implying

that simple expansion of programme coverage is expected to yield higher welfare returns than

improving targeting accuracy. Simulating optimal targeting effort under reasonable cost as-

sumptions, we find that zero targeting effort is optimal in a majority of locations, especially in

high-poverty rural areas. Counterfactual simulations show that reallocating existing programme

budgets using a simple binary RES-based rule could raise welfare by 13%, without increasing

total expenditure.
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These results underscore the importance of going beyond a binary framing of the choice be-

tween universalism and targeting. Our contribution is to offer an approach to determine when

investments in targeting are more or less likely to be a priority, providing a decision-making

tool for social planners facing resource constraints and imperfect information. This builds on

various strands of large existing literature, including models of targeting under imperfect infor-

mation (e.g., Besley and Coate 1992; Lanjouw and Ravallion 1999; Ravallion and Chao 1989),

debates on the political and operational feasibility of effective large-scale social programmes

(e.g., Asri et al. 2022; Gelbach and Pritchett 2001), as well as estimates of the initial and recur-

rent costs of targeting (Coady et al. 2004; White et al. 2015).

More specifically, the paper connects to a general yet under-developed intuition that invest-

ments in targeting are unlikely to be economical in all circumstances. For example, White (2017)

concludes that: “Whether to introduce a universal benefit or targeted scheme is ultimately a

political decision. However, there are technical criteria to take into account ... . Since target-

ing is not costless, the most obvious criterion is where poverty incidence is high so it is not

worth the cost of targeting.” (p. 158). The main innovation of this study lies in formalizing this

intuition, which recognizes the presence of a quantity-quality trade-off in social programme de-

sign, and presenting a simple yet tractable welfare-based analytical framework anchored on

observable parameters. Operationalized via the RES metric, our approach introduces a crite-

rion to evaluate the marginal effectiveness of targeting versus scale-up in real-world settings,

the merit of which is demonstrated via the Mozambican case.

2 The arithmetic of targeting

2.1 Set-up

To fix ideas in a generic set-up, we model a poverty-targeted programme that allocates fixed

per capita transfers of value t within a population of size N. Of these, Q∗ individuals are deemed

to be eligible (hereafter “the poor”), and Q are selected as actual beneficiaries by some ad-

ministrative mechanism. The coverage rate or quota thus is q = Q/N, and the poverty rate is

q∗ = Q∗/N. Both are assumed to be known or estimated with reasonable precision at an ag-

gregate spatial level (e.g., by administrative localities).

The probability of being selected as a beneficiary can be defined in two complementary ways.

First we have:
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P(Beneficiary) =P(Beneficiary & Eligible)+P(Beneficiary & Non-eligible)

=P(Eligible | Beneficiary) ·P(Beneficiary)

+P(Non-eligible | Beneficiary) ·P(Beneficiary)

=α ·q+(1−α) ·q (1)

Note this is just a weighted average of the unconditional selection probability, P(Beneficiary) =

q, with weights given by the targeting success rate: α = P(Eligible | Beneficiary), and the re-

spective leakage or Type I error rate: 1−α.

The second definition of the same selection probability is:

P(Beneficiary) =P(Beneficiary | Eligible ) ·P(Eligible)

+P(Beneficiary | Non-eligible ) ·P(Non-Eligible)

=λ ·q∗+γ · (1−q∗) (2)

Here, λ captures the probability that a given eligible individual is a beneficiary (responding to

the question: ‘of all the poor, what share actually receives benefits?’), while γ captures the

share of the non-eligible group incorrectly covered by the program.

Last, we consider an objective function facing policymakers. In an ideal world, a benign policy-

maker may seek to maximize the total change in social welfare associated with the program,

given by the sum of corresponding individual-specific utility gains. However, utility or close

proxies, such as income or consumption, are rarely observed across the population. In many

low-income contexts, for instance, informal economic activities are predominant, relevant data

on these proxies are missing, outdated or subject to large measurement error, and incomes

contain a large stochastic component (e.g., Beuermann et al. 2025).

Thus, we define a policy-relevant or operational maximand (Z) as the share of the population

covered by the programme who are both eligible and selected as beneficiaries:

Z = α ·q (3)

This maximand focuses attention on the two primary levers available to policymakers: changes

to the targeting success rate (α), which effectively proxies for the welfare impact of the pro-

gramme given a fixed set of beneficiaries; and changes to the quota (q), which refers to the

size of the set of beneficiaries. The relevant question is when one of these levers should be

prioritized over the other.

While the above welfare metric is intuitive and operational, it is not innocuous. As noted by

Coady and Skoufias (2004), α can be interpreted as a normalized measure of the welfare
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impact of a fixed (uniform) transfer when all individuals below the poverty line take a welfare

weight of one, and all the non-poor take a welfare weight of zero. Thus, our measure implic-

itly assumes each eligible individual contributes equally to social welfare, and that all trans-

fers have the same marginal impact, regardless of the recipient’s depth of poverty. Equally, the

metric treats both leakage (benefits going to ineligible individuals) and exclusion errors (fail-

ure to reach eligible individuals) symmetrically in welfare terms, effectively ignoring the costs

of type I errors. In reality, one might wish to assign different weights to these types of target-

ing errors. For instance, to the extent that social or political costs of including individuals above

the eligibility threshold are material, this would require greater weight to be placed on targeting

accuracy (see further below).

2.2 Propositions on targeting

We present three propositions speaking to the trade-off between quantity expansion and tar-

geting quality enhancement in social programme design. In doing so, we maintain two as-

sumptions: rates of programme coverage (q) and formal eligibility (q∗) in the population are

known at meaningful levels of (dis)aggregation; but the policy-maker does not have accurate

information on targeting performance. Our view is that it is precisely in such circumstances of

imperfect information that robust operational guidance on the direction of social programme

reform would be helpful.

Proposition 2.1. The targeting identity

In any targeting scheme, the number of beneficiaries who are eligible must equal the number

of eligibles who are beneficiaries: q∗λ ≡ qα.

Reflecting the equivalence between the first terms on the RHS of equations (1) and (2), this

says that the product of the poverty rate and eligibility coverage rate is equal to the product of

the quota and the targeting success rate.2 An immediate corollary is that the ratio of target-

ing success to eligibility coverage (a ratio of two unknowns) equals the ratio of two knowns,

namely that of the poverty rate and the quota:

α/λ ≡ q∗/q (4)

The implication is that targeting errors are mechanically interdependent: if coverage is below

the poverty rate (q < q∗), under-coverage necessarily exceeds leakage.

2 See Appendix Table B1 for illustration.
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As an aside, note that the Coady-Grosh-Hoddinott (CDH) index (Coady et al. 2004) provides

an alternative perspective on the targeting identity (equation 4). Proposed as a general mea-

sure of the extent to which a programme targets the poorest (progressiveness), it compares a

metric of the share of benefits going to the poorest (the eligible) versus the share expected un-

der a distribution-neutral benchmark. While this measure ideally defines coverage in terms of

the total value of transfers, if programme benefits do not vary substantially across individuals

(e.g., cash transfers are uniform) then the index can be approximated by the ratio of targettng

success to the poverty rate:

CDH ≈ α
q∗

=
λ
q

(5)

Echoing analysis to come, this ratio equals unity under a benchmark assumption that selection

is non-regressive and also suggests that absolute improvements in targeting performance will

be valued in inverse proportion to the poverty rate.3

Proposition 2.2. Bounds on targeting performance

For any feasible allocation of programme benefits across eligible and non-eligible groups, the

targeting performance metrics must satisfy:

max
(

0,
q+q∗−1

q

)
≤ α ≤ min

(
1,

q∗

q

)
(6)

max
(

0,
q+q∗−1

q∗

)
≤ λ ≤ min

(
1,

q
q∗

)
(7)

These bounds, summarized in Table 1, are derived by fixing γ ∈ (0,1) at either of its extremes,

and solving for the remaining unknown parameters in equations (1) or (2). The expressions

show that upper bounds on the success rate (eligibility coverage) are inversely proportional to

the quota (poverty rate)—i.e., for q < q∗ the higher the poverty rate, the lower the upper bound

on the coverage of the eligible.

An important corollary is that if targeting is minimally non-regressive, meaning that selection of

beneficiaries is no worse than random or that no priority is given to the non-eligible, then the

targeting success metrics will satisfy tighter lower bounds:

α ≥ q∗;λ ≥ q (8)

These bounds are critical to move from a situation where targeting performance is unknown to

one where it can be empirically bounded.

3 For instance:
α+∆

q∗1
>

α+∆
q∗2

if q∗1 < q∗2.
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Table 1: Bounds on targeting success and error rates under alternative scenarios

Targeting (α) Elig. coverage (λ)

Upper min(1,q∗/q) min(1,q/q∗)

Neutral q∗ q

Lower max(0,(q+q∗−1)/q) max(0,(q+q∗−1)/q∗)

Note: this table summarizes the theoretical bounds for two key targeting
performance metrics—the targeting success rate (α) and the eligibility
coverage rate (λ), as well as their corresponding error rates (leakage and
under-coverage); the bounds are derived from algebraic identities that hold
between observed programme coverage (q) and poverty rates (q∗); neutral
values correspond to random assignment or non-regressive targeting.
Source: own derivations.

Proposition 2.3. Relative Effectiveness of Scale-Up

Given the welfare maximand Z (equation 3), the relative effectiveness of expanding programme

coverage versus improving targeting accuracy is given by the marginal rate of technical substi-

tution, denoted the Relative Effectiveness of Scale-Up (RES):

RES =
∂Z/∂q
∂Z/∂α

=
α
q

(9)

When RES > 1, marginal welfare gains from coverage expansion are expected to outweigh

gains from improvements in targeting.

The RES is strictly bounded from below by: max(0,(q + q∗ − 1)/q2), and from above by:

min(1/q,q∗/q2). However, under the assumption of non-adverse targeting, the lower bound

tightens to: q∗/q, which constitutes a practical rule-of-thumb for decision-makers.

By way of extension, consider a modified policy maximand that incorporates explicit linear

costs of Type I errors, such that: Z = α ·q−β(1−α) ·q, where β is a weight placed on errors of

inclusion. Under this set-up, the neutral lower-bound RES becomes: q∗/q−β/(1+β)q, which

clearly lends to an increasingly conservative evaluation of pure scale-up as β rises.

2.3 Extension

The foregoing sought to formalize intuitions about targeting, offering practical tools to assess

targeting quality in the absence of direct measures of leakage or under-coverage. Extending

this analysis, the trade-off between programme expansion and selection is made explicit via a

budget constraint:

B = tQ+ cN (10)

where B is the variable portion of the overall budget allocated to the program; and c is the cost

of targeting per individual in the population. Defining c = x · (µB/N), re-expresses the targeting
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cost as the product of two terms: µB/N, the maximum share µ ∈ (0,1) of the total per popu-

lation budget that can be feasibly allocated to targeting; and x ∈ (0,1), a decision parameter

representing how much of this maximum cost the policymaker chooses to allocate. This con-

straint can be rearranged to express the quota as a function of the budget and other parame-

ters: Q = B(1− x ·µ)/t.

To be clear, µ represents the slope of the trade-off between x and q, or the price of targeting

effort. It is intended to reflect the full administrative and operational costs of improving target-

ing precision. This includes not only direct expenditures on data collection, verification, and

eligibility scoring systems (e.g., implementing a proxy means test), but also indirect or hidden

costs (see also Slater 2023). For example, the deployment of complex targeting systems may

delay benefit delivery, divert staff time from routine programme administration, or create con-

fusion among local implementers and beneficiaries. These disruptions are especially salient

in low-capacity settings, where infrastructure for large-scale programme delivery is fragile or

fragmented. Indeed, we reasonably expect µ to be substantially larger where existing adminis-

trative data such as population registries are deficient or not fully digitized.

In later simulations we adopt illustrative values for this parameter. However, we recognise there

is a need for further empirical work to quantify (maximum) targeting costs more precisely and

comprehensively. This includes understanding how costs scale with programme coverage, how

they vary across targeting mechanisms, and how they interact with state capability constraints,

a theme emphasized in recent work on the implementation capacity of social programmes in

low-income settings (e.g., Andrews et al. 2017; Pritchett et al. 2010). While there is little empir-

ical guidance to calibrate µ precisely, rough approximations are possible and can be refined via

more detailed cost accounting (White et al. 2015).

Next, assume a behavioural equation linking costly effort to the targeting success rate, which

for ease of analysis we assume is an increasing concave function in q∗ and x:

α = f (q∗,x) (11)

meaning that ∂α/∂x = f ′x ≥ 0, etc.. We also assume bounds on 0 ≤ α ≤ 1 are always satisfied

and f (q∗,x = 0) = q∗, which says if no effort is allocated to targeting then α = q∗, as per a

benchmark neutral scenario discussed above.4

Pulling this together, the policy maximand of equation (3) is just a non-linear function of x:

Z(x) = α ·q = f (q∗,x) · b(1− xµ)
t

(12)

4 A more complete model would recognize that targeting is expected to be more difficult as the standard deviation
of the underlying but unobserved target variable—say, permanent income—increases.
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Solving the relevant first order condition and applying the constraints 0 ≤ x ≤ 1 yields our final

proposition.

Proposition 2.4. Optimal targeting effort

Optimal targeting effort, x∗ ∈ (0,1), is decreasing in both the poverty rate and the cost of effort,

satisfying:

x∗ =



0, if µ >
f ′x
q∗

1, if µ <
f ′x

f ′x + ᾱ
f ′x −µ f (q∗,x∗)

f ′xµ
, otherwise

(13)

For proof see Appendix A1.

While generic, this result raises the possibility that optimal targeting effort may be located at

or close to its zero lower bound. This would occur where additional targeting effort induces a

relatively large budgetary cost, where the poverty rate is already high, or where marginal gains

in the success rate from higher effort are low (perhaps for other reasons). Minimally, it follows

that in contexts with heterogeneous rates of poverty, a one-size-fits-all targeting effort is likely

to be sub-optimal, and zero effort indeed may be optimal in some cases.

2.4 Numerical examples

Before considering a concrete case, some numerical examples shed light on the above propo-

sitions. Table 2 sets out a range of combinations for what are assumed to be two known inputs

(q,q∗), and derives corresponding bounds on the targeting success rate, the eligibility cover-

age rate and the RES. As might be expected, while the interval between the upper and lower

bounds on the targeting parameters often can be large, they are far from uninformative and

tighten considerably if we assume targeting is minimally no-regressive. For instance, in the

first row, where the quota far exceeds the poverty rate, the upper bound on the share of ben-

eficiaries who are eligible is at best 0.24 while a neutral (lower) bound is 0.20. Furthermore,

the RES provides unambiguous guidance as to the expected relative gains from programme

expansion versus improved targeting.
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Table 2: Numerical examples of targeting performance bounds

Inputs α λ RES

q∗ q Lower Upper Lower Upper Neutral Upper

0.20 0.85 0.06 0.24 0.25 1.00 0.24 0.28
0.35 0.70 0.07 0.50 0.14 1.00 0.50 0.71
0.20 0.33 0.00 0.62 0.00 1.00 0.62 1.89
0.60 0.75 0.47 0.80 0.58 1.00 0.80 1.07
0.50 0.55 0.09 0.91 0.10 1.00 0.91 1.65
0.25 0.20 0.00 1.00 0.00 0.80 1.25 5.00
0.80 0.50 0.60 1.00 0.38 0.63 1.60 2.00
0.65 0.40 0.13 1.00 0.08 0.62 1.63 2.50
0.80 0.25 0.20 1.00 0.06 0.31 3.20 4.00

Note: table shows illustrative combinations taking poverty and coverage rates as
inputs (q∗ and q), then calculating resulting (lower, upper or neutral) bounds on the
targeting success rate (α), eligibility coverage rate (λ), and the Relative Effectiveness
of Scale-Up (RES) as per Table 1; when the RES exceeds unity then marginal gains
from expanding programme coverage are expected to exceed gains from improving
targeting accuracy.
Source: own derivations.

Turning to the final proposition, assume:

α = q∗+ x(1−q∗)φ (14)

where φ governs how quickly marginal gains associated with a given additional targeting effort

fall as q∗ increases. This ensures that the response of targeting to additional funding (higher

x) tends to decline with the poverty rate (i.e., ∂2α/∂x∂q∗ < 0); and larger values for φ imply

greater inefficiencies or imperfections in the targeting process.

In this case, the solution for x∗ becomes explicit (see Appendix A2 for derivations):

x∗ =



0, if µ >
(1−q∗)φ

q∗

1, if µ <
(1−q∗)φ

2(1−q∗)φ +q∗

(1−q∗)φ −µq∗

2µ(1−q∗)φ
, otherwise

(15)

Setting φ = 3 (see further below) allows us to simulate values for x∗ in (µ,q∗) space, shown

in Figure 1. A main insight is that at (very) high poverty rates, only extremely low values for µ
would justify allocating any funds to improve targeting performance relative to a benchmark of

random selection of beneficiaries (e.g., by lottery). For instance, when the poverty rate is 0.5,

the maximum cost share must be below 0.2 to justify a non-zero spend on targeting. Intuitively,

this simply reflects the trade-off between better targeting and greater programme coverage—

i.e., for a given overall budget, any increase in the policy maximand associated with better tar-

geting may be fully offset by a decline in coverage, especially when poverty is high.
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Figure 1: Simulated optimal levels of targeting (x∗) given alternative poverty rates (q∗) and maximum
costs (µ)
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Note: the heatmap plots optimal values for the level of targeting, ranging from zero to one, obtained from equation
(15) applying a systematic combination of different input values (for q∗,µ) and setting φ = 3.
Source: own elaboration.

3 Mozambique case

This previous section provided a practical framework for analysis of targeting performance,

highlighting the critical relationship between the poverty rate, the price of targeting effort, and

optimal targeting choices. Our results formalize the intuition that the optimal choice of targeting

technology will vary across contexts in line with differences in various factors, including poverty

rates. Naturally, this implies there is no single ‘best’ approach to targeting, and that even use

of the same technology within the same country may be sub-optimal where contexts vary. The

framework also points to the kind of empirical information that is critical to guide decisions in

this domain. This includes data on actual programme coverage (q), target programme cover-

age (q∗), and targeting costs (e.g., µ). Furthermore, estimates of the extent to which targeting

performance can be genuinely and consistently improved through allocating additional funds is

likely to he helpful, akin to establishing empirically-valid versions of equation (11).

We now apply this framework to the elderly component of the Programa de Subsídio Social

Básico (PSSB) in Mozambique. This is a social pension for the vulnerable elderly (aged 60+)

11



and is the country’s largest social protection program. To conduct the analysis, we combine

two main data sources: first, administrative data providing a complete register of all programme

beneficiaries over the period 2020-2023 (yielding data on Q); and, second, granular popula-

tion and poverty data based on the full records of the 2017 Population and Housing Census

(yielding data on N,Q∗). For current purposes, poverty among the elderly is defined using a

multi-dimensional index based on assets and living conditions, which closely mirrors the official

national poverty analysis. All data is aggregated and then merged at the posto administrativo

level, which is the third administrative tier, allowing for a highly localized analysis of targeting

performance.5

A key input to the empirical application is the estimated poverty rate (q∗) at the subnational

level, constructed from the 2017 national census. While this approach provides full spatial cov-

erage and broad consistency with national poverty assessment criteria, it is not without limita-

tions. First, measurement error in q∗ is likely, particularly in remote or data-poor regions, where

household-level indicators may be missing, outdated, or inconsistently reported. Such error

may bias estimates of the RES metric as well as the inferred optimal effort level. Second, the

choice of poverty definition matters. Multidimensional metrics, while normatively appealing,

do not necessarily align with the implicit targeting criteria used in practice, such as community

judgments or proxy means scores.6

With these caveats in mind, Table 3 summarises key information derived from these sources

by province, showing bounds on the targeting metrics as per our earlier numerical examples.7

At the national level, we observe the poverty rate among the elderly (q∗ = 0.49) and the pro-

gramme quota (q = 0.48) are closely matched, suggesting the programme is appropriately

scaled on aggregate. However, national averages mask profound sub-national differences,

including relatively low programme coverage in the higher poverty regions of Zambézia and

Nampula compared to over-coverage in the far south (e.g., Maputo Province and City). These

patterns are illustrated in Appendix Figures B1 to B3, revealing significant dispersion in the

neutral RES metric. Specifically, the cumulative distribution of the neutral RES suggests that

5 For further background on the history and structure of the PSSB see Almeida et al. (2025). The poverty mea-
sure applied here is an Alkire-Foster multidimensional poverty headcount index covering indicators across three
main dimensions: education, housing conditions, and asset ownership. Households are classified as poor if de-
prived in at least five of six indicators. Aggregation of the registry and census data to lower levels is possible in
theory, but faces challenges due to differing geographical codes and naming conventions in the datasets.

6 According to the program’s operational manual (INAS 2022), eligibility for the elderly component of the PSSB is
determined based on three criteria defined: (i) age — applicants must be 60 or older; (ii) residency — living for
at least three months in the local community; (iii) poverty -– household income is below a first-tier threshold, as-
sessed via a Proxy Means Test (PMT). In practice, no PMT is performed and community-based targeting is used
to identify the vulnerable persons without sources of income.

7 We focus here only on the de jure coverage of the program, abstracting from issues of non-payment which are
material but nevertheless a subject of separate research. See MGCAS (2022) and IGM (2025) for further discus-
sion.
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around 60% of the elderly population reside in locations where this measure is greater than

one (see Figure 2). In such locations, expanding coverage is generally expected to yield higher

welfare returns than improvements in targeting.

Table 3: De jure coverage of PSSB-Elderly program, 2023

α λ

Province q∗ q LB UB LB UB RESn
Niassa 0.53 0.68 0.34 0.75 0.51 0.88 0.70
Cabo Delgado 0.61 0.51 0.29 0.88 0.26 0.73 1.35
Nampula 0.64 0.50 0.33 0.89 0.29 0.72 1.32
Zambezia 0.62 0.40 0.21 0.91 0.20 0.55 1.95
Tete 0.49 0.52 0.18 0.82 0.21 0.86 0.95
Manica 0.46 0.60 0.21 0.67 0.29 0.88 0.65
Sofala 0.43 0.46 0.17 0.69 0.19 0.81 1.01
Inhambane 0.49 0.45 0.14 0.87 0.16 0.76 1.28
Gaza 0.34 0.63 0.16 0.54 0.30 0.98 0.62
Maputo Prov. 0.08 0.34 0.02 0.18 0.05 1.00 0.10
Maputo City 0.01 0.27 0.00 0.03 0.03 1.00 0.02

National 0.49 0.48 0.21 0.74 0.23 0.78 1.05

Note: table summarizes merged estimates from administrative records
and census data, showing poverty rates (q∗), programme quotas (q), and
derived bounds on targeting metrics (α, λ) for each province ordered North
to South; UB, LB refer to upper and lower bounds respectively; the RESn
column reports the neutral Relative Effectiveness of Scale-up metric, high-
lighting where programme expansion is expected to yield greater welfare
returns vs. improving targeting accuracy.
Source: own estimates.

As a further step we apply and calibrate the approximation in equation (14), which we use as a

basis to model optimal targeting effort. Our main interest is to identify if and where zero target-

ing effort may be recommended, beyond the benchmark of random beneficiary selection. To

do so, we use data from a bespoke survey of PSSB-Elderly programme members, described in

detail bellow.we draw on the Vulnerable Lives Survey (VLS), conducted in 2023 as part of the

Inclusive Growth in Mozambique (IGM) programme,a research collaboration between UNU-

WIDER and the Government of Mozambique. The VLS was designed to generate robust em-

pirical evidence on the performance and impacts of the PSSB-Elderly in shock-prone settings.

Fieldwork was carried out in six purposively selected administrative posts across Mozam-

bique’s northern, central, and southern regions, chosen based on historical exposure to dis-

tinct types of shocks. In each location, approximately 400 households were surveyed, compris-

ing both elderly beneficiaries and a relevant control group. For more details see IGM (2025).

This exercise provides an estimate φ = 3. Setting the maximum cost share at µ = 0.25, mean-

ing that maximal targeting effort (and success) would require one quarter of the variable com-

ponent of the overall programme budget, we use equation (15) to calculate the optimal level

of effort in each administrative post. Figure 3 plots these latter estimates against those of the

neutral RES. The two measures are highly correlated, showing that zero effort is optimal for
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Figure 2: Cumulative distributions of upper, neutral and lower bound RES estimates
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Note: figure shows the cumulative distribution functions (CDFs) of upper, neutral, and lower bound estimates of
the RES metric across all administrative posts; all RES metrics are windsorized at 2 for visual symmetry.
Source: own estimates.

61% of locations. However, there is a clear bimodal distribution to the optimal effort estimates,

with just 9% of urban locations in the zero effort regime. Appendix Figure B4 further examines

the sensitivity of these estimates, showing the share of population residing in so-called zero

optimum effort locations under alternative assumptions for of φ and µ. This suggests one of

our key insight remains robust—expanding programme scope without enhancing targeting is

likely to be an optimal strategy in many locations across Mozambique.

Last, we employ the welfare metric Z to compare alternative allocations of the budget between

targeting and transfers. To capture the status quo, we calculate baseline welfare as the sum

across all locations of the product of the observed programme quota and an estimate of the

target success rate, being the weighted average of the neutral and upper bounds on α. Thus,

current total welfare is given by: Z0 = ∑∀i qiᾱi, where ᾱi = 0.7q∗i + 0.3 ·min(1,q∗i /qi) and i

indexes administrative posts.

As a first counterfactual scenario, we maintain the same assumptions for targeting success

(ᾱi) but reallocate the programme quota in proportion to observed poverty shares—i.e., if a lo-

cation holds y% of all poor elderly persons, it is allocated y% of the total quota. This amounts

to total welfare: Z1 = ∑∀i(Q∗
i /Q∗)ᾱi. Third, retaining previous assumptions, we use our esti-

mates for x∗ to solve equation (14) and calculate the corresponding optimum quota.8 Last, we

8 For this, we require estimates of the ratio between the overall budget per head of population and the transfer
value. These are derived by estimating x from observed data under the assumption αi = ᾱi. Due to noise in these
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Figure 3: Scatter plot of optimal targeting effort versus the neutral RES metric, by administrative post
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Note: figure shows the relationship between the neutral RES metric and the estimated optimal targeting effort (x∗)
for each administrative post; RES values indicate the marginal rate of technical substitution between increasing
programme coverage versus improvements in targeting effort.
Source: own estimates.

re-run these latter calculations but now approximate x∗ using a binary rule based on the ob-

served neutral RES metric, namely we set: x̃i = 1[RESi,n < 1].

Figure 4 plots these results, showing the percentage difference in total welfare per region rel-

ative to the baseline metric (Z0). In scenario (1), we find that reallocating the proportional allo-

cation of the quota to mirror the share of the elderly poor in each location (maintaining current

targeting accuracy) would increase the national welfare metric by around 7%. An optimal al-

location based on our formal model (scenario 2), which simultaneously adjusts both the quota

and the targeting effort to their optimal levels in each location, achieves a 21% increase in wel-

fare, including improvements in all locations. A more feasible approach, which applies a simple

rule-of-thumb based on the RES (scenario 3) and involves eliminating additional targeting ef-

fort where RES is above unity and re-investing the savings into expanded coverage, yields a

13% welfare gain overall. The ability to achieve welfare gains across all locations, especially

under scenario 3, demonstrates substantial gains are possible from simple, evidence-based,

yet geographically-differentiated strategies, without requiring any increase to the overall bud-

get.

estimates, we average x and the derived estimates for b/t by rural/urban locations in each of the three major
geographical regions of the country.
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Figure 4: Welfare changes under alternative targeting effort and quota allocation scenarios
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Note: figure shows three counterfactual scenarios for reallocating programme budget across regions—(1) quota
allocation is proportional to poverty shares, (2) applies the estimated optimal targeting effort (x∗), and (3) applies
a binary RES-based rule, setting x∗ = 1 if RESn < 1 and 0 otherwise; the y-axis reports the percentage change in
total welfare (Z) relative to the status quo (Z0), not shown.
Source: own estimates.

4 Conclusion

With characteristic irony, Amartya Sen once remarked that: “I do not doubt that some expert in

modern economics would find it helpful to say that targeting should be pushed exactly to the

point at which the marginal benefit from it equals its marginal cost.” (Sen 1995: p.14). How-

ever, perhaps reflecting the practical difficulty of identifying an optimal ‘dosage’ of targeting,

academic debates on social policy design have rarely focused on how much targeting is appro-

priate. Instead, they have tended to frame the issue in binary terms—i.e., as a choice between

fully universal or targeted programs, which in turn has inspired a large literature assessing the

relative performance of alternative targeting schemes.

This paper sought to (re)embrace the basic insight of marginalism, but also grasp its practi-

cal value. Rather than offering a general prescription for or against targeting, we provided an

operational framework to assess when better targeting is likely to be a good use of scarce fi-

nancial and human resources. We showed that the trade-off between targeting precision and

programme coverage can be usefully summarized by the marginal rate of technical substitu-

tion, the Relative Effectiveness of Scale-up (RES). A neutral lower bound on this metric is easy

to compute in settings with limited data. When it exceeds one, marginal welfare gains from ex-

panding programme coverage are expected to outweigh gains from improving targeting accu-

racy. Extending this approach to take into account budget constraints, we showed that even
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modest targeting costs may render efforts to enhance precision relatively inefficient, particu-

larly in high-poverty contexts with tight quotas and low administrative capacity.

We applied this framework to Mozambique’s national social pension programme (the elderly

component of the PSSB). Reflecting large coverage inequalities, we found that for a majority of

locations expanding coverage would yield greater welfare gains than investing in more precise

beneficiary selection. Only in better-off urban areas would the converse be true. Counterfac-

tual simulations suggested that reallocating resources according to either a simple RES rule

or a model-derived optimum could generate welfare improvements of up to 21%, even without

increases in programme expenditure.

These findings highlight a pathway beyond the polarized debate between universalism and tar-

geting. Focussing on the administrative reality of contexts such as Mozambique, where many

eligible individuals are not yet covered, a key challenge lies in determining when and where to

focus on programme scale-up relative to making investments in targeting, which may be costly

and disruptive. At the same time, for guidance taken from the (neutral) RES metric to be infor-

mative, low-cost selection schemes that are minimally non-regressive are essential. Thus, a

relevant agenda is not how to achieve ever-better targeting, but rather how to avoid distortions

associated with programme capture by the wealthy.
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A Appendix: Derivation of optimal targeting

A1 General case

We derive the optimal targeting effort x∗ ∈ [0,1] by maximizing the welfare objective function:

Z(x) = α ·q = f (q∗,x) · b(1− xµ)
t

, (A1)

where: α = f (q∗,x) is a concave function increasing in x, with f (q∗,0) = q∗; µ ∈ (0,1) is the

maximum fraction of the total budget per capita of population that can be allocated to targeting

effort; x ∈ [0,1] is the policymaker’s decision on what share of that maximum is used; b is the

per capita variable budget and t is the uniform transfer amount per beneficiary.

Step 1: First-Order condition

Differentiating Z(x) with respect to x, and denoting the partial derivative f ′x = ∂ f (q∗,x)/∂x, we

obtain:
∂Z
∂x

=
b
t

[
f ′x(1− xµ)−µ f (q∗,x)

]
Setting ∂Z/∂x = 0 gives the interior first-order condition (FOC):

f ′x(1− xµ) = µ f (q∗,x) (A2)

Solving equation (A2) for the optimum x = x∗, we isolate:

x∗ =
f ′x −µ f (q∗,x∗)

f ′xµ

Note that because f ′x and f (q∗,x∗) are both functions of x, this expression is implicit and may

require numerical solution methods. However, it is informative for establishing bounds and suf-

ficiency conditions.

Step 2: Corner solutions and bounds

We now explore when the optimal x∗ lies at the boundary of the feasible interval.

Case 1: Zero effort is optimal (x∗ = 0).

Substitute x = 0 into the first-order condition of equation (A2):

f ′x = µ f (q∗,0) = µq∗.
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Hence, x∗ = 0 is optimal if:

f ′x ≤ µq∗ ⇒ µ ≥ f ′x
q∗

.

Case 2: Full effort is optimal (x∗ = 1).

Substitute x = 1 into the same first-order condition:

f ′x(1−µ) = µ f (q∗,1) = µᾱ,

where ᾱ = f (q∗,1). Rearranging gives:

f ′x = µ(ᾱ+ f ′x) ⇒ µ ≤ f ′x
f ′x + ᾱ

.

Thus, x∗ = 1 is optimal if the cost share is small relative to the marginal and maximum benefits

of targeting.

Step 3: Interior dolution

If neither corner condition holds, the solution must lie in the interior x∗ ∈ (0,1), and is defined

implicitly by equation (A2), with:

x∗ =
f ′x −µ f (q∗,x∗)

f ′xµ
.

Hence, the optimal effort level x∗ satisfies equation (13) in the main text. This general formu-

lation allows for application across a wide class of concave targeting functions, and provides a

rigorous foundation for policy-relevant simulations.

A2 Specific example

We take the example from Section 2.4, defining: α = q∗+ x(1−q∗)φ . Differentiating Z(x) with

respect to x and setting to zero gives the first order conditions:

∂Z
∂x

=
B
t

[
(1−q∗)φ (1− xµ)+(q∗+ x(1−q∗)φ )(−µ)

]
= 0.

Expanding:

(1−q∗)φ − xµ(1−q∗)φ −µq∗− xµ(1−q∗)φ = 0.

Rearranging:

(1−q∗)φ −µq∗−2xµ(1−q∗)φ = 0.
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Solving for x∗ is the interior solution:

x∗ =
(1−q∗)φ −µq∗

2µ(1−q∗)φ
.

Applying constraints 0 ≤ x ≤ 1, then a solution close to the lower bound (x∗ ≥ 0) obtains when:

(1−q∗)φ −µq∗

2µ(1−q∗)φ
≥ 0.

Since the denominator is always positive for µ> 0, we require the numerator to be non-negative:

(1−q∗)φ −µq∗ ≥ 0.

In turn, solving for µ, yields:

µ ≤ (1−q∗)φ

q∗
.

If µ > (1−q∗)φ
q∗ , then x∗ = 0.

Similarly, the solutions close to the upper bound (x∗ ≤ 1) obtain when:

(1−q∗)φ −µq∗

2µ(1−q∗)φ
≤ 1.

Multiplying both sides by 2µ(1−q∗)φ :

(1−q∗)φ −µq∗ ≤ 2µ(1−q∗)φ .

Rearranging:

(1−2µ)(1−q∗)φ ≤ µq∗.

Solving for µ, yields:

µ ≥ (1−q∗)φ

2(1−q∗)φ +q∗
.

So, if µ < (1−q∗)φ

2(1−q∗)φ+q∗ , then x∗ = 1.
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B Appendix: Additional material

Table B1: Classification of population by beneficiary and eligibility status

Beneficiary?

No Yes

Eligible?
No a b 1−q∗

Yes c d q∗

1−q q 1

Note: population is normalized to size one, such that a + b + c +
d = 1; table indicates that the group of beneficiaries (q) can be ex-
pressed in two ways: q = d + b = αq + (1 − α)q, where α = d/(b+d);
or q = λq∗+γ(1−q∗), where λ = d/(c+d) and γ = b/(a+b).
Source: own elaboration.
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Figure B1: Estimated elderly poverty rates by administrative post

Note: the map shows estimated poverty rates among elderly individu-
als (aged 60+) across Mozambique’s administrative posts; poverty is
defined using a composite index incorporating indicators across health,
education, and living standards dimensions, in line with official multidi-
mensional poverty estimation methodologies.
Source: own elaboration.
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Figure B2: PSSB-Elderly quotas, by administrative post

Note: the map illustrates the de jure coverage of the PSSB-Elderly pro-
gramme across administrative posts in Mozambique, measured as the
ratio of enrolled programme beneficiaries to the estimated total elderly
population (60+) in each location as of November 2023.
Source: own elaboration.
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Figure B3: Estimates of the neutral RES, by administrative post

Note: the map shows estimates of the neutral Relative Effectiveness
of Scale-up (RES) metric across administrative posts in Mozambique;
the RES index compares the marginal welfare gain from expanding
programme coverage relative to improving targeting accuracy, using a
benchmark assumption of non-regressive targeting.
Source: own elaboration.
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Figure B4: Heat map of population shares where zero targeting effort is estimated as optimal for alterna-
tive values of φ and µ
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Note: figure displays a heat map of the share of the total total relevant population residing in locations where
zero targeting effort is estimated to be optimal; estimates are based on simulations using alternative values for
the targeting return parameter (φ ) and the cost share parameter (µ); warmer colors (red/yellow) indicate higher
population shares under zero-effort optimality, while cooler colors (blue) represent lower shares.
Source: own elaboration.
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