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Abstract

Food assistance transfers in cash and in kind are a critical part of the response to food
insecurity; and resources are always meagre in comparison to the need, making targeting
recipients critically important. Aid agencies most commonly rely on one of (or a combination
of) three major approaches to targeting: categorical methods, which target households
based on a rule assigned to available indicators; proxy means testing (PMT), which builds a
simple model to predict the worst off; and/or community-based targeting (CBT), which
allows community leaders to make rules or choose households directly. A great deal of
research has gone into evaluating targeting accuracy and effectiveness, but this research is
often limited in scope and depth, due to insufficient or unsuitable data.

We use representative monthly panel data collected over two years from 1,800 households
in Madagascar's Great South, paired with administrative data on targeting and assistance
received, to investigate two core questions. First, how different are the households identified
through different targeting methods, in terms of who is targeted and their characteristics
and/or needs? Second, which group improves more, and for longer, following the receipt of
assistance? We compare CBT-targeted households both to categorical targeting as
practised in the study area and a simulated PMT approach. We find that the groups differ
dramatically depending on how they were targeted. CBT-targeted groups have on average
better food security status. On the other hand, the PMT method tends to select the worst-off
households, and in this respect is closer to the categorical approaches. However, panel
methods reveal that CBT households are on average trending worse prior to receiving
assistance, and their food security status improves more after receiving assistance. This
suggests that communities identify those who, while not worst off, are being negatively
affected by adverse food security conditions, reflecting an understanding of the dynamic
reality on the ground that cannot be captured by data alone. The results have several policy
implications, including the potential tension between targeting the worst off and targeting to
achieve a measurable impact.

JEL classification:

Keywords: Sub-Saharan Africa; Madagascar; targeting; community-based targeting;
humanitarian assistance
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1 Introduction

‘The food which is prepared has no master.’
— Malagasy proverb

Food insecurity remains a major global issue, necessitating significant global expenditure on
food assistance and humanitarian aid. While progress has been made towards reducing
hunger in recent decades, climate change and other shocks pose new challenges, making
widespread food insecurity a problem for the foreseeable future. The prevalence of food
insecurity is highest in fragile, impoverished, and low-income contexts, such as rural Africa.
Food assistance is a critical piece of the solution, helping to diminish deprivation in lean
periods and acute emergencies (Barrett, 2006). While substantive domestic and foreign
assistance funds are spent annually on food assistance, resources are still meagre in
comparison to the need. The gap has widened further with recent cuts to foreign assistance,
with the World Food Programme estimating that an additional 17 million people in need
would go without assistance in 2025 relative to 2024 (Bauer, 2025; Kenny and Sandefur,
2025). The targeting of assistance has been found broadly to lead to better allocation to the
worst off — and hence good targeting is of critical, life-saving importance.

A great deal of scholarship and practice has sought to develop targeting approaches and to
evaluate their effectiveness. Two of the most long-established approaches to targeting are
self-targeting, involving those in need ‘opting in’ to programmes themselves (and ideally,
those not in need not doing so), and geographic targeting, in which recipients are located in
a specific area. Other commonly used approaches include categorical targeting (CT), which
uses data to select recipients based on whether they satisfy an indicator (e.g. having a child
under two years old) or fall above a designated threshold (e.g. being over a given age); proxy
means testing (PMT), which uses data to build a model of need based on a number of
indicators and selects those who have the most need based on that model’s prediction; and
community-based targeting (CBT), in which those who distribute aid work with community
members to identify the correct criteria or rules used for targeting, and/or to directly select
recipients (Grosh and Baker, 1995; Briggs, 2024).

Targeting helps programmes balance the need to not waste resources with the risk of
missing the worst off (Hoddinott, 2001; Besley and Kanbur, 1991). Mis-targeting, by
providing assistance to those who are not in need (referred to as Type 1 errors), not only
uses scarce resources that are needed elsewhere but also may have negative spillovers for
recipients and local markets; mis-targeting by failing to provide assistance to those in need
(referred to as Type 2 errors) can cost lives and leave more of those in need with periods of
deprivation, with long-term consequences (Coady et al., 2004). Community-based targeting
has the potential to reduce both of these error types, as communities might know better
than outside parties who is most in need (Coady et al., 2004; Alderman, 2002).

© Data & Evidence to End Extreme Poverty 1
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However, some have raised concerns — and have also found some evidence - that
community choices may be driven by political considerations or nepotism, and thus may
miss the poorest (Conning and Kevane, 2002; Bardhan et al., 2005; Basurto et al., 2020).

There are trade-offs involved in the choice of targeting approach(es) (Coady et al., 2004).
The choice of which method(s) to employ is often driven by policy priorities, cost, and
logistical practicalities in a given setting. There are often limitations in the data (and
analytical capacity) that are available, the feasibility of nuanced distribution (individual
selection versus community-level or even regional delivery), and the time available to identify
recipients (Hoddinott, 2001).

Data-based targeting methods in turn typically cannot take into account changes in the
relatively wellbeing of households over time. For categorical or PMT methods, often-times
the only data available are a baseline and (sometimes) endline survey, making it impossible
to assess dynamic components of the assistance programme (Briggs, 2024). Additionally,
data that measure food security during the harvest season might not help predict food
security during the lean season. For example, Premand and Schnitzer (2021) note that there
could be important seasonal dynamics in targeting outcomes that they cannot fully account
for, given the timing of their data.

Further, it can be complicated to evaluate the impact of the targeting methods once they are
deployed. Targeting approaches are often used in combination, such as applying some
categories (CT) within otherwise geographically targeted areas, or first using a PMT then
using a community based process (CBT) to refine or finalize the selection. Aside from a few
rare cases where the targeting method can be randomised (Premand and Schnitzer, 2021) it
is difficult to identify which households were targeted by which method, and to distinguish
between those pre-selected and those added by communities. Further, without panel data
tracking food security, it is impossible to establish whether a method is able to identify
households who need aid or who will need aid.

This study provides novel evidence that helps to fill some of the critical gaps in the targeting
literature, using unprecedented, well-suited data collected in the critically food insecure
context of southern Madagascar. We tackle a few related research questions. First, how
different are the households identified through different data-based targeting methods
versus those identified through a community-based process? And to what degree do the
groups identified overlap? Second, does the community process ‘improve’ targeting, in terms
of targeted households being quantifiably worse off or more in need? Specifically, how does
food security (ex ante and over time) vary between these groups, and what can these trends
tell us about the ‘effectiveness’ or accuracy of different targeting approaches? Lastly, we
turn to how targeting relates to the intervention for which it is implemented, and look at
which group benefits more, and for longer, due to the receipt of assistance, across different
indicators for food security. We compare CBT to two different data-based methods: CT, as
practised in the study area; and a simulated PMT approach using machine learning to
identify important variables and a parametric approach to predict outcomes.

© Data & Evidence to End Extreme Poverty 2
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We address the above research questions using representative panel data on food security,
collected monthly over 18 months of active food assistance programming, paired with
administrative data on exactly which households received what and when. We partnered
closely with the staff at Catholic Relief Services (CRS) who were implementing the
assistance programme to collect and aggregate these data, as well as to develop a nuanced
understanding of the specific programming environment and targeting practices.

We find, first, substantive differences across the sub-populations targeted by different
methods, in terms of which households are targeted, their core characteristics, and their
food security status. Second, we find that communities tend to target households that meet
some of the core criteria used for the CRS categorical approach but that seem better off
with respect to other vulnerability criteria, and also that have higher overall levels of food
security at baseline and over time. Food insecurity levels in our study area overall are
extraordinarily high, at over 40% at times, assessed as at ‘emergency’ levels (Fayad, 2023).
Average food security also changes dramatically over time, to the degree that the inter-
temporal differences are greater than differences between targeting groups and would
confound any assessment of ‘classical’ targeting errors. Finally, we observe that panel
methods reveal a much more nuanced story; transfers are associated with significantly
higher dietary diversity, with the degree of associated ‘impact’ different across targeting
groups. The event study in particular reveals that CBT households, while ex ante better off,
experience a decline in food security status before transfers are received, and subsequently
improve dramatically, which is not the case for other targeted groups.

The rest of this paper is organised as follows. Section 2 provides background information on
the context and setting, including the programming environment and targeting practices.
Section 3 describes the data. Section 4 describes the data preparation and methods used.
Section 5 describes the results, starting with a descriptive overview of the environment and
including findings related to our research questions. Section 6 summarises the findings and
provides some potential policy implications of them, and sets out areas for future research.

© Data & Evidence to End Extreme Poverty 3
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2 Background

Despite great wealth in resources and biodiversity, Madagascar’s population suffers from
high rates of food insecurity and undernutrition, with at least 30% of the overall population
commonly classified as food insecure, with the situation being worse in lean seasons but
problematic year-round (see e.g. Fayad, 2023). The Great South,’ which includes the study
areas of the Androy region and parts of Atsimo Andrefana, is perpetually the worst off in
terms of both seasonal food insecurity and climate-related shocks (FEWS NET, 2023). This
high level of food insecurity is attributable to many factors (see a summary in Upton, 2024).
Households predominantly rely on agriculture, which is rainfed, and subject to many
different pressures, including inconsistent rainfall, pest infestations, and devastating winds.
Weather and climate-related shocks have been increasing over recent years, even garnering
global attention (Rigden et al., 2024; Wallace-Wells, 2022). Outside of agriculture,
households have few other livelihood options; the region is largely inaccessible due to
abysmal road infrastructure, and is home to very few industries that generate employment.

This situation leaves many households, at many times of the year, largely reliant on external
assistance.

Figure 1: Food assistance received over time, by programming type

25

Percentage of HHs
o » =3 o
_—
———
— = ——— "

B Any FOOD GFD MJ (1000 Days or Protection)

T The southern regions of Madagascar, and in particular the largely arid zone southeast of Toliara to the West,
and west of Tolognaro to the East, is very commonly referred to as the country’s “Grand Sud,” or “Great South.”
This is not a formal administrative distinction, but commonly used, by the local government as well as
international institutions. Administratively, it typically includes all of the Androy and Anosy regions, and most of
Atsimo-Andrefana (which means “southwest”) and Atsimo-Atsinanana (which means “southeast”).
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Given all of this, Madagascar’s south is the predominant focus for humanitarian and other
food insecurity programming in Madagascar, which is financed in large part by the World
Food Programme and (until recently) the United States Agency for International
Development (USAID). To build on the emergency assistance Madagascar receives and to
move in more of a development direction, USAID included the Great South in its
Development and Food Security Activities (DFSAs), starting in 2019 and funded through to
2025.2 While these programmes included development-oriented activities such as
agricultural training, a key component—given the dire conditions at the time of
implementation—was direct humanitarian food aid in the form of grain, beans, and oil, as
well as a more nutrient-dense corn-soya blend for children. Over the lifetime of the most
recent DFSA, named Maharo, the areas not included in Maharo but also suffering seasonal
food insecurity crises were covered under year-by-year emergency programming that did not
include the development activities but provided similar in-kind assistance.?

The development and humanitarian programmes in the region at this time did not include
coverage of 100% of households, so they were targeted, with the aim of reaching the
neediest. Table 1 summarises the different programme types, rations, and targeting criteria,
with more detail on the geographic distribution provided in Annex A (Table 8). CRS applied
similar targeting practices across the Maharo and Emergency* programmes, with some
differences. Maharo included a few in-kind food assistance programmes that differed in
terms of both rations provided and targeting:® food rations focused on the first 1000 days;
family protection rations; and generalised food distribution (GFD). Both programme types
employed CT within pre-selected communes. The 1,000 days and family protection rations
(abbreviated as MJ, for milles jours—1,000 days in French) provided rations to all women
who were pregnant or breastfeeding, as well as all children two or under. The main
difference between these two programmes is that the MJ rations were targeted at the
child/mother level (a given ration per child), whereas the family protection rations were
provided at the household level for all households containing a pregnant/breastfeeding
woman or child two or under. The GFD was intended to be provided during lean seasons,
sometimes at the same time as the other transfers but targeted to include households not
targeted by the MJ criteria, but otherwise meeting at least one of the following criteria:

2 Similar activities to DFSAs are now referred to as Resilience and Food Security Activities (RFSAs). The first five-
year initiative over the period of study was a DFSA; this was implemented into 2024, with a follow-on RFSA set to
proceed from 2025 to 2029 but precipitously cut off due to the suspension of USAID’s activities in March 2025.

3 CRS implemented several year-long emergency programmes in the study areas over the course of the period,
including Firanga (and an extension, Firanga Il), RIMA (and its extension, RIMA I1), and Tabiry. These will all be
collectively referred to going forward as ‘Emergency’.

4 As stated in the previous note, ‘Emergency’ refers to multiple emergency programmes in the study areas.

5 There were many other Maharo activities, including community-level programming, livelihood (seed, livestock,
and fishing) vouchers, and child growth monitoring. In addition, CRS implemented growth monitoring
programmes for children under five in both Maharo and Emergency areas, with children classified as suffering
from moderate acute malnutrition provided with PlumpySup and children classified as suffering from severe
acute malnutrition referred to treatment centres for treatment. As these activities were either not targeted or
were targeted very differently (e.g. being targeted to those who engage in specific activities, or offered openly to
all children under five), we leave them aside for the remainder of this study.

© Data & Evidence to End Extreme Poverty 5
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female-headed household with at least two children (any age); any household with five or
more children under the age of 15; household with household head under the age of 18;
household that has more than one elderly person (over 65); household that has any member
who is handicapped or chronically ill.

For both groups, criteria were applied ex ante based on baseline census data but were then
supplemented by a CBT at the time of each distribution. This process was open-ended and
largely up to the community, in that it could involve both corrections to the household listing
(i.e. households that did not make the list but now met the criteria), as well as additions or
adjustments based on different criteria as provided by the community. Greater latitude was
provided for the CBT in the GFD programming than in the MJ programming—MJ community
updates were mostly corrections. In all cases, however, those ultimately receiving
assistance who were not targeted by CT ex ante were community targeted (CBT).

The Emergency programming, implemented at times and in places where Maharo was not
providing food assistance, provided only the GFD rations, and applied effectively the same
targeting criteria to select households. They included first those that fit the MJ criteria,
followed by those who fit the GFD criteria. The key difference is that there was a less
involved community-based process after these targeting criteria were applied, due to the
fact that fewer resources were available for community engagement (and the absence of
other synergistic programming involving community groups). In both cases, however, we
observe a difference between CT households and actual recipients, which allows us to
identify which households were targeted through CBT. For simplicity (and due to data
constraints) we pool Maharo and Emergency transfers, while still analysing the different
types of targeting used (MJ versus GFD) separately.

© Data & Evidence to End Extreme Poverty 6
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3 Data

Data for this study were collected as part of the Measurement Indicators for Resilience
Analysis (MIRA) initiative, a collaboration between CRS and Cornell University that aimed to
obtain higher-frequency data to better measure and understand resilience (Headey and
Barrett, 2015; Knippenberg et al., 2017).° The context of Madagascar’s Great South makes
data collection relatively challenging and expensive, and prior to MIRA the area was largely a
data desert. In this context, the MIRA data have been insightful for CRS as well as other
government and policy organisations, including providing key information on how
households suffered during the COVID-19 pandemic and associated lockdowns (Upton et al.,
2023).

Across the intended potential programming communes in the three study districts,
households were sampled representatively based on a complete census. Data are
representative at the district level for Beloha and Tsihombe, in Androy region, and across the
six communes included in Ampanihy district, in Atsimo Andrefana region. Table 1 shows our
study area and sample size by district; full details by commune, and including which areas
were part of the DFSA versus Emergency programmes, are presented in Annex A (Table 8).
Based on power calculations to detect meaningful differences, month-to-month and across
households, in the core food security indicators, we sampled 40 enumeration areas in each
district, with 15 households per enumeration area, for a total of 1,800 households. One
enumeration area corresponds to a fokontany, or village cluster.

Data collection started in May 2022 and continued monthly through to August 2024.” Certain
indicators were collected each month in a brief survey, with other, richer information
collected with lesser frequency. The core monthly survey included questions related to food
security, both coping strategies over the previous week and month, and foods consumed
(with frequencies) over the previous week. Details on each of the indicators we construct
from these questions are provided in Table 3.

Both in our data and across countries, it has been shown that different food security
indicators do not necessarily correlate closely, and capture different dimensions of food
insecurity (see Vaitla et al., 2017), hence it is important to analyse more than one indicator to
understand the food security situation. That said, there tend to be strong correlation
patterns between dietary diversity indicators, specifically the Food Consumption Score (FCS)
and the Household Dietary Diversity Score (HDDS), and also between coping strategies
indicators, including the Household Hunger Scale (HHS) and the reduced Coping Strategies
Index (rCSl). For brevity, we therefore show results in the body of the paper for one of each,
choosing the FCS and HHS. The results for the FCS and HDDS are highly similar, so we

6 The initiative started as a pilot in 2016 in southern Malawi in 2016, with these data likewise generating several
publications and insights (Knippenberg et al., 2019; Christian et al., 2025; Gholami et al., 2022). A pilot with just
600 households in southern Madagascar in 2018 was then expanded in 2022.

7 We use data through to December 2023 for our core analyses, as food transfers ended at that point.
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exclude HDDS results entirely. As there are some minor differences between the rCSI and
HHS, we include results for the rCSl in Annex A.

Table 1: Details on programme types, rations, and targeting criteria

Name Nature / rations Targeting criteria

Not in MJ group AND any one of:
+ female-headed household with = 2
children (any age)
household with = 5 children under age 15
Emergency food rations,US ~ + household head < 18 years old
sourced: 36 kg sorghum, 4.5 . household has more than one elderly
kg peas, 2.63 kg oil member (> 65)
household has a handicapped or
chronically ill member
Then complemented by community-based
process.

DFSA/Maharo, GFD-
targeted

Food rations for families with  Pregnant mother OR child under two years old;
DFSA/Maharo, MJ- children under two years old:  targeted at the individual level, so can be

targeted 0.74 L or1.85L ail, 5kg received for multiple members (quantities
CSB+. summed at household level).

DFSA/Maharo

family protection Food rations, US sourced: 36  Same as for MJ (above), but targeted at the

(Protection kg sorghum, 4.5 kg peas, 1.85 household level (one ration per household

Familiale), MJ- L oil, 12.5 kg CSB+ with any pregnant mother or child under two).

targeted

Emergency food rations:
Local and Regional MJ-targeted group (above) OR any one of:

kg maize, 4.5 kg children (any age)
Emergency cowpeas, 3.67 L oil + household with = 5 children under age 15
programme, GFD- .  United States +  household head < 18 years old
targeted Department of household has more than one elderly
Agriculture rations: 36 kg member (> 65)
sorghum, 36 kg peas, + household has a handicapped or
3.67 L oil, 12.5 kg CSB+, chronically ill member
12 kg CSB++

Table 2: Regional sample size totals

Region District Households
Androy Beloha 600
Androy Tsihombe 600
Atsimo Andrefana Ampanihy-Ouest 600
Total 1,800

The monthly survey also asked households to report shocks experienced in the previous
month and whether they impacted core areas of life, whether the household engaged in
piecework or various non-agricultural labour activities, and whether or not any assistance
was received (and the type and source). The baseline data included a full household roster
with detailed demographic data. Over time, but only every few months and not monthly, ,
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further information was collected on household livelihood activities, assets (including
livestock), infrastructure, and access to water and sanitation.

A key feature of the data that facilitates our analysis is that common identifiers were used
by households and then additionally for all direct receipt of food transfers under all
concurrent CRS programmes. We therefore have data over time on which households
received each programme type and in which month, using CRS administrative data as
opposed to household self-reports. The programme data include the programme type, the
date delivered, which commodities were delivered, and quantities per ration. Over all
households and time periods, 40% and 17% received rations under GFD or MJ targeting,
respectively, with some households targeted for MJ in some periods and GFD (Emergency)
in others. However, there was a great deal of temporal variation, with the average number of
households receiving aid changing in any given month (Figure 1).

Table 3: Food security indicators collected

Indicator Description Source

Household

Dietary Sum of 11 different food groups, unweighted (24-  Swindale and Bilinsky (2006),
Diversity hour recall and seven-day recall) USAID/FANTA

Score (HDDS)

Food Wiesmann et al. (2009), World

Sum of eight different food groups, weighted for

quality and frequency (seven-day recall) Food Programme/Vulnerabilty

Analysis and Mapping

Consumption
Score (FCS)

Weighted sum of three severe food deprivation

n::szlrlglgale conditions, over the last month (no food in house;  Ballard et al. (2011),
9 going to bed hungry; going a full day and night USAID/FANTA-III
(HHS) :
without food)
(R;sd::::ed Weighted sum of five less severe strategies over
Strzte%ies the past week (reducing quantity or frequency of ~ Maxwell et al. (2008), USAID
Index (rCSl) food, borrowing, eating less preferred foods)

Note: Both in our data and across countries (see Vaitla et al. 2018), there tend to be strong correlation patterns
between dietary diversity indicators (FCS, HDDS) and coping strategies indicators (HHS, rCSI).
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4 Empirical methods
4.1 Data preparation: identifying targeting groups

411 CT

CT classifies households as ‘targeted’ or not simply based on adherence to a given
indicator. As this is typically done using census data collected prior to any intervention, we
apply the designated CT indicators using our first observation, and we apply these in a static
manner across the data collection period. See Table 1, right column, for the full list of
indicators used for targeting for each programme type (MJ and GFD). We use the full
household roster to apply criteria that are pertinent for the individual level, such as if the
household includes any pregnant woman, and/or more than the designated number of
children or elders.

41.2 PMT

No PMT approach was implemented in this setting; however, relying on the representative
data across the area in question and the nature of data available on assistance received, we
can construct a simulated PMT and then evaluate our research questions in relation to that
group. As the CT was applied at baseline using ex ante data, we do the same with the PMT.
In turn, we use the set of indicators (primarily household demographic characteristics) that
were available in the household census data. While other indicators, and seasonal
dimensions, could potentially be of interest for targeting, we limit ourselves to this set for
this analysis in order to be consistent with common practice and realistic data limitations.

We employ machine learning approaches to understand the impacts of various predictors
on the food security scores of households that were not targeted and never received aid. We
begin with the two most popular supervised machine learning approaches: the gradient
boosting method (GBM) and the random forest (RF). We split the data into 0.8 training and
0.2 validation and use variable importance results from both GBM and RF to identify the
household characteristics that are important predictors of various food security scores. For
all further analysis, we rely on RF, rather than GBM, as RF has lower deviance than GBM with
the set hyperparameters.

In turn, to construct the PMT and identify the targeted group using simple and common
parametric methods we use on the10 indicators ranked by the RF machine learning
approach as the “most important” (see Table 13 in Annex A for the indicators identified by
the RF model). We then run a simple ordinary least squares (OLS) regression on each food
security indicator (FCS, rCSI, and HHS), leveraging the value of our data, over all time but
limited only to households who never received assistance. This is similar in principle to how
such a model is likely to be built in practice, using a population that has not yet received
assistance. We then use the resulting parameters to predict the same food security indicator
using the first round of our data, for all households across the representative data. One must
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then choose a percentage to target; we take the bottom 40%, corresponding to the
percentage who in this sample actually received assistance (and hence consistent with what
might have happened in this scenario if a PMT were applied). We flag these households as
targeted for the PMT, and then include these groupings in evaluating our research questions:
how they compare to other households targeted by other approaches, and the trends of food
security and assistance within this group.

4.1.3 CBT classification

As described in the background section, we know which households were designated by the
CBT based on the facts of the data themselves: the households that actually received
assistance, relative to those that were designated to receive assistance by CT. Some
households that were targeted through CBT do not meet any of the CT criteria, i.e. would
never have been targeted by those methods. Others, however, DO meet qualifying criteria
under GFD or CT, but not the one applied in a given distribution. For example, a household
may have qualified for GFD but have been left out because the only distribution underway
was CT, or vice versa. If such a household was included in this case, we classify them as
‘CBT'. For ‘static’ analysis across groups of households, we hence classify households ever
chosen by the CBT process as ‘CBT’, even if they also fall under another category. We make
this choice given that these households are in effect otherwise being excluded from
assistance, and being prioritised or brought back in by the community process, hence their
characteristics are of interest for our research questions.

4.2 Empirical methods

4.2.1 Fixed effect regressions

The variation in receipt of assistance across programmes over time at the household level
permits us to apply a household fixed-effects regression method, to examine differences in
food security over time for different groups stemming from receipt of assistance. We
include lags of assistance received to explore the immediate relationship between
assistance and food security and its impact over multiple subsequent months.

We estimate the following model:
Core fixed-effect equation
Yie = Bot+ By (cTixRy) T BZ(CBTi xRy) T ﬁ3(PMTL~><Ri,t) tyvit Me+ €,
(M
With lags of food assistance received

Yie = Bo+ ﬁ1(cn X Rit—1) + ﬁZ(CBTi X Ri¢) + ﬁS(CBTi X Rit—1) + ﬁ4(PMTi X Rit) + ﬁs(PMTi X Ri¢—1) +
Yi+t M+ €

(2)
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Where:
Y; + = Food security outcome (household, monthly)
CT; = Categorically targeted, divided between MJ and GFD (household)
CBT; = Community targeted (household)
PMT; = ldentified by PMT (household)
R;: = Received any assistance (household, monthly)
y; = Household FE

M; = Month dummies

4.2.2 Event study

We employ an event study methodology to further understand the effectiveness of, and to
compare, various targeting approaches, and to explore not only the immediate influence of
assistance at the moment but the trend in food security for household types both before and
after assistance was received.

An event study research design is appropriate in this context for the following three reasons.
One, the event (food aid) is identifiable and can be narrowed down within a month. Two, with
appropriate controls, the change in the food security score can be considered a result of the
event. Three, apart from the food aid and seasonal factors (which can be isolated), no other

confounding event occurs that simultaneously affects the food security score.

We aim to understand the effect of policy z;; on outcome y;;. Following Freyaldenhoven et
al. (2024), we consider the following model:

M
Yie = + I + qgﬂ/) + Z BmZit-m + Cit + €i¢

m=—-G

(3)
Where
v;: = Score of the various food security indicators
a;, T = Unit and time fixed effects
qi: = Control vectors with coefficients ¢
—G to M = Study period
C;: = Unobserved confounding factors
€;: = Unobserved shock

The event is defined as aid distribution via the four targeting approaches: categorical MJ
targeting criteria; categorical with GFD targeting criteria; PMT (with two different outcomes);
and CBT. We aim to see the impact of aid distribution on food security measured by the
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following food security indicators: FCS, rCSI, and HHS. The monthly panel identifies if aid
was given in the previous month. We create a lag variable that reflects the true aid
distribution round.

Households may have received aid over multiple rounds, resulting in numerous ‘events’ per
unit. We thus consider the first time aid is received as the event, but with slight
modifications in order to model only one event per household. We define the event of
receiving aid in the following three ways: aid was received in one round and none was
received for the five subsequent rounds; aid was received in two consecutive rounds and no
aid was received in the subsequent four rounds; and aid was received in three consecutive
rounds and not received in the three subsequent rounds. For the households that received
aid in two or three consecutive rounds, we define the event period food security as the
average of the household’s food security score for those consecutive rounds. We refrain
from creating multiple events from a single household that received aid more than once in a
non-consecutive manner, as the receipt of aid in a future round could bias estimates of the
impact of aid in an earlier round. All households that do not fit our definition of the ‘event’
were dropped from this part of the analysis (see Table 9 in Annex A). These number of
qualifying households is smaller than the number that were actually targeted by these
programmes, representing a half to two-thirds of the total number of ‘eligible’ households
(those targeted by that type and ever receiving assistance, shown in Table 4). This follows,
as assistance was often distributed for a series of months in a row, making our ‘event’
definition somewhat challenging. However, the retained households are still observed over
all periods of time, providing more statistical power, and, on balance, we assess that a
‘clean’ definition of the event in question is more critical for the analysis than the final
sample size.
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5 Results

5.1 Targeted groups and assistance received

We begin by looking at how many households are identified by each targeting method, and
addressing the first ‘layer’ of our first research question: to what degree do different
methods identify the same households? We focus in particular on the degree to which data-
based methods and community-based methods align. As a basis for further analysis, we
also describe within our sample how many of each of these groups — those actually targeted
for assistance in this setting, as well as those we identify through the PMT approach -
receive assistance, ever and over time.

Table 4 shows the percentage of households targeted by each method, as well as the
percentage of those who receive assistance at any point in time. Note that for the PMT, we
selected a percentage to ‘classify’ (as described in Section 4.1 on data preparation), so the
percentage targeted is by construction. For MJ and GFD, these percentages are purely those
in the population who meet the criteria at baseline, and, for CBT, the percentage is
determined by the community process and available assistance (and by construction, 100%
of the CBT households receive assistance as CBT is defined by being selected for
assistance). Within this population, almost 75% of all households qualify for either MJ or
GFD assistance (43% and 31%, respectively) at baseline, which is to say they fall into the
‘targeted’ group but may or may not ultimately receive assistance at any given time. Of
those, 27% and 46%, respectively, ever receive assistance during our data collection period.
29% of households are CBT-targeted, which is to say they receive assistance when they have
not otherwise been categorically targeted. Note that some of the CBT households may also
meet MJ or GFD criteria (see Section 4.1.3); these overlaps are shown in the Venn diagrams
(Figure 2, left panel). There is much greater overlap between CBT and MJ than between CBT
and GFD. This suggests that communities include households who would have been
targeted for family protection or MJ assistance, even when only GFDs are being provided
and hence those households are not expressly targeted.

© Data & Evidence to End Extreme Poverty 14



COMPARING COMMUNITY-BASED AND DATA-DRIVEN TARGETING APPROACHES FOR HUMANITARIAN ASSISTANCE:
EVIDENCE FROM SOUTHERN MADAGASCAR

Figure 2: Venn diagram of overlap between targeting groups

Threshold Targeted & CBT PMT Targeted & CBT

MJ Targeted

GFD Targeted , PMT HHS

CBT cBT

Note: The Venn diagram is proportional to size, and captures ‘static’ targeting categories; households are
classified as ‘CBT' if they ever receive assistance due to the community process, even if they are also ex ante MJ
or GFD-targeted. Associated numbers for key overlaps are shown in Table 4.

Despite the fact that our PMT construction was not employed in the field, we see that a
larger percentage — nearly half — of those identified by the PMT approach receive assistance
at some point over time. We can see from Table 4 and Figure 2 (right panel) that there is not
a lot of overlap between PMT and CBT households, and more PMT households receive
assistance. This is suggestive of the fact that these are the households that are more likely
to actually receive assistance, among the MJ and CBT groups.

Another key finding here, though peripheral to our core focus, is that the PMT process
identifies very different households, depending on which indicator is used as the outcome.
The overlap (as shown visually in Figure 2, right panel) between those identified using the
FCS and those identified using the HHS is only 189 households, or about one-quarter. This is
consistent with previous findings by Vaitla et al. (2017) that coping strategies indicators and
dietary diversity indicators capture very different dimensions of food security, and do not
necessarily correlate well .2 This is potentially problematic from a policy perspective: one is
often seeking to reduce food insecurity across both of these metrics, whereas in practice
those worst off according to one may not be worst off according to the other.®

8 Indeed, we find that there is more overlap between groups identified using the HHS and rCSl, but the
correspondence but the correspondence between the rCSl and FCS is likewise very low; see Figure 9 in Annex A.

9 There are good reasons why this may hold in our particular study area, that are borne out by the data. When
households receive food assistance, and/or have food available from harvest, that food is likely to not be very
diverse, limited to a staple crop or a grain, bean, and oil in the case of food assistance. While this food is
available, coping strategies indicators will look quite good, as there is less incidence of reduction in meal sizes,
skipped meals, or other hardships; dietary diversity is however somewhat poor, as households are not likely to
seek out other foods when they have these staples on hand. However, when the availability of staple foods is
poor, households in this setting seek out diverse alternatives, largely through foraging fruits and eating the
greens from crops in the field like cassava. During these times, coping strategies indicators are poor, as people
are not eating enough food, and even going days without; but the diversity would often look better due to the
fruits and vegetables.
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Finally, Figure 3 again shows assistance received over time (as in Figure 1), but this time
broken down by how households are targeted for assistance. In the upper panel, we divide
the total population receiving assistance by those who were ex ante categorically targeted
for MJ (and receiving the associated transfers), those who were ex ante GFD-targeted (and
receiving the associated transfers), and those who receive anything as a result of being
targeted by the community (CBT). While over time a given household can be in multiples of
these categories, in any given round they are distinct; and the largest share of recipients are
those who are CBT-targeted. The lower panel looks at total assistance and then the number
of these households who were selected by our PMT process (recalling that this method was
not used in practice). As in the static case noted above, month-by-month the PMT processes
identify a large number of ultimate assistance recipients, more than the categorical
methods.

Figure 3: Assistance received over time, by targeting groups

'\

Threshold Targeted & CBT
ﬂ
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MJ(1000 DaysorSP)  ®H GFD W CBT
PMT Targeted
5,
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B0 Al Assistance PMT - FCS PMT - HHS

Note: Groups defined in the upper panel are distinct, with the CBT group defined as those who ever receive
assistance despite not being ex ante categorically targeted (see Section 4.1.3). Groups in the lower panel are
overlapping. Where there are gaps, data are present but no assistance was received in that month.
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Table 4: Distribution of households across ‘static’ targeting groups, and percentages receiving

assistance
Received
. assistance, as
Targeting method Targ;teett:‘:z this -It-:lrs? :::Shz):i t:r)ltcil] Targf:iii?/:g — percentage of
CBT assistance targeted
group
Categorical - MJ 768 (43%) 345 (19%) 211 (12%) 27%
Categorical - GFD 559 (31%) 38 (2%) 255 (14%) 46%
PMT - FCS 716 (40%) 233 (13%) 357 (20%) 50%
PMT - HHS 726 (40%) 183 (10%) 331 (18%) 46%
PMT - rCSI 727 (40%) 189 (11%) 318 (18%) 44%
CBT 515 (29%) 515 (29%) - 100%

Households = 1,800

5.2 Household characteristics

We now turn to examining the basic characteristics of households in the study region,
focusing on those that could potentially be used for targeting, and comparing how these
characteristics vary across groups targeted by different methods (Table 5; further detail and
a description of the PMT group using the rCSI can be found in Table 10 in Annex A). First, we
confirm that households in this region exhibit a number of characteristics commonly
associated with vulnerability: namely, a high percentage (46%) of female-headed
households, most separated/divorced (21%) or widowed (8%), and quite low levels of
literacy in Malagasy (average 27%) or French (12%). The differences across groups seem to
be roughly consistent with the intentional targeting criteria: MJ households are far more
likely to have women who are pregnant and/or with children under two years old (column 3),
and GFD households are more likely to exhibit the other targeted characteristics (column 4).
In turn, CBT households are much more likely than GFD, non-targeted, or average
households to meet the MJ criteria (column 5).

Differences between the PMT groups and other clusters of households are more notable,
although we cannot calculate the statistical significance of these differences since they
overlap with other groups. PMT-targeted households are more likely to exhibit
characteristics associated with vulnerability, but which characteristics depends on which
food security indicator was used to build the model and identify the PMT-targeted group.
The PMT households identified using the FCS (column 7) have fewer children / are smaller
households, and are less likely to be female-headed, but have far lower levels of education
and literacy. On the other hand, those targeted using the HHS (column 8) have average
levels of education and literacy, but larger households, more children, and higher rates of
illness and disability.
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Table 5: Household characteristics at baseline, for all households and across targeting groups

Household with children <2 33% 12% 64% 11% 42% 0.000 23% 48%
Household with pregnant/nursing woman 40% 15% 79% 11% 54% 0.000 52% 38%
Female head with =2 children 30% 4% 33% 45% 32% 0.000 29% 38%
Household with =5 children 12% 1% 18% 13% 13% 0.000 3% 20%
Head <18 years 1% 1% 0% 1% 0% 0.099 1% 1%
Household has >1 elder (>65) 2% 1% 0% 4% 1% 0.000 2% 2%
Household has disabled member 2% 0% 1% 6% 1% 0.000 1% 5%
Household has chronically ill member 20% 4% 17% 39% 12% 0.000 6% 46%
Household size 5.1 4.3 5.7 5.2 5.1 0.000 4.1 5.7
Head age 41 41 36 48 38 0.000 41 39
Head female 46% 24% 43% 63% 45% 0.000 47% 48%
Head marital status — monogamous 56% 62% 65% 43% 58% 0.000 52% 58%
Head marital status — polygamous 3% 3% 4% 2% 2% 0.210 2% 4%
Head marital status — separated 20% 18% 16% 26% 19% 0.000 25% 23%
Head marital status — divorced 1% 0% 0% 2% 1% 0.002 1% 1%
Head marital status — widowed 8% 6% 3% 16% 5% 0.000 9% 8%
Head marital status — never married 12% 10% 12% 11% 14% 0.139 13% 5%
Head chronically ill 13% 3% 10% 28% 6% 0.000 2% 31%
Head disabled 13% 5% 8% 29% 7% 0.000 6% 26%
Head has formal education 33% 26% 36% 27% 40% 0.000 16% 30%
Head literate in Malagasy 27% 23% 32% 22% 31% 0.000 11% 23%
Head literate in French 12% 11% 14% 11% 14% 0.238 0% 8%
Head years of formal schooling 2.1 1.7 2.3 1.7 2.5 0.001 0.6 1.7
Max education level in household 4.2 34 4.6 4.2 4.5 0.000 2.1 3.8
Dependency ratio 0.45 0.32 0.48 0.49 0.47 0.000 0.45 0.55

Households: 1,800 (NT=341, MJ=423, GFD=521, CBT=515, PMT-FCS=716, PMT-HHS=726)

Note: F-statistic shown for ’joint’ equality of each indicator; most pairwise differences are statistically significant as well (results available upon request). Columns are (in order):
NT, Never targeted; T - MJ, Categorically targeted, MJ criteria; T - GFD, Categorically targeted, GFD criteria; T - CBT, Community targeted; Joint sig, F-test of differences between the
NT and other three groups; PMT - FCS, targeted by PMT using FCS as outcome; PMT - HHS, targeted
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5.3 Food security trends and differences across targeted groups

To further investigate wellbeing differences across groups, we now look at food security
trends based on how households were targeted, to address the question of how well each
approach does at identifying the most and least food secure. First we can consider the first
round and evaluate something akin to Type 1 versus Type 2 errors: the percentage in each
‘static’ targeting group who are above or below common food security thresholds. In turn,
we can obtain a more nuanced view than is usually possible in studies of this kind by looking
at not only the difference at baseline, but also differences in the trend in each indicator over
the entire period.

Table 6 shows the average of each food security indicator, followed by the percentages of
households classified as experiencing different levels of food security. We apply thresholds
commonly used in practice for each indicator (Swindale and Bilinsky, 2006; Wiesmann et al.,
2009; Ballard et al., 2011; Maxwell et al., 2008).'° Note that the percentages in the ‘poor’ and
‘good’ categories can be interpreted in terms of Type 1 and Type 2 targeting errors, where
the difference between the ‘poor’ percentage and 100% can be interpreted as exclusion
errors (Type 2), or at least assistance that did NOT go to the worst off, and the ‘good’
column is roughly equivalent to inclusion errors (Type 1) — assistance that went to the best
off. The overall takeaway from Table 6 is that levels of food security in this setting are low,
and this trend overshadows any (relatively subtle) differences across targeting groups at
baseline. Rates of food insecurity are particularly high based on dietary diversity: around
60% have poor status across all groups. While relatively lower percentages of households
are classified as food insecure by the HHS (30-40%), this indicator measures quite extreme
deprivation (days without food), so these rates are still very high. When it comes to static
groups, differences are in many cases statistically significant, but are not large. Broadly, the
CBT households look to be better off than both the categorically targeted groups and those
never targeted (column 5 in the top panel), with more households classified as food secure
(especially according to the HHS, significantly) and fewer households classified as food
insecure (especially according to the FCS, though the difference is not statistically
significant).

Regarding the PMT classifications, the targeted group is relatively better off across all
indicators and categories. However, given that these groups were designated specifically
targeting based on those predicted to be worst off with respect to these indicators, the
differences between targeted and not targeted are relatively small and in many cases not
statistically significant, which highlights that the overall low level of food security is
dominant in this setting.

We now look at the trends over time, for FCS (Figure 4) and HHS (Figure 5) (note that the
figure showing rCSl is Figure 10 in Annex A), with the targeted groups compared to CBT

10 A version of this table in Annex A, Table 11, includes the rCSI thresholds as well, and the tests of significance
for key groups.
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groups and to the overall average for all households in both cases. The categorically
targeted groups are compared in the upper panels, and the PMT groups in the lower panels.
Note that the upper panel categories are distinct from each other, whereas the lower panel
categories are overlapping. Note that the CBT group will by definition have received
assistance at some point over the duration, though not in every period (as seen in Figure 3),
whereas the other groups include both the households within those targeting categories
who received assistance and those who never received assistance despite having been ex
ante targeted. The NT (never targeted) group, however, only includes households that never
received assistance.

The first important observation is that, overall, food security improved over the period, and
that stark seasonal trends and this broad improvement overshadow differences across
groups. This is due broadly to climatic conditions, as data collection began after a
particularly poor harvest (spring 2022), whereas the following year conditions were broadly
more favourable. Another big picture observation is that differences across groups for
dietary diversity are relatively minor; the CBT group is somewhat better off than the average
household, as well as being better off than all of the targeted groups (both upper and lower
panel of Figure 4), and the never targeted are somewhat worse off (top panel).

Dynamic differences in food security measured by the HHS are more notable (Figure 5)."
Again, the CBT households are worse off, and by the widest margin over time when food
security is the worst early in the study period (July to November 2022). The never targeted
are also notably worse off, with the difference likewise greater when the situation is worse.
MJ-targeted households are somewhat better off than GFD households (on each side of
average), but these differences seem small. Notably also, the PMT-targeted households are
fairly close to average; those targeted by PMT using the HHS as an outcome are somewhat
worse off, but not by nearly as much as one might anticipate given that the HHS was built
into the model.

11 Note that higher scores are WORSE for coping strategies indicators.
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Table 6: Food security at baseline across targeting groups, including tests of differences for mutually exclusive groups

Indicator All households NT T-MJ T - GFD T-CBT p,CBT-NT p,CBT-MJ p,CBT-GFD Joint sig

FCS (score) 22.1 21.0 21.5 22.1 28,3 0.002 0.010 0.066 0.009
Poor (s21) 62% 65% 62% 63% 58% 0.047 0.241 0.117 0.202
Borderline (22-34) 28% 27% 28% 27% 31% 0.250 0.446 0.147 0.481
Good (235) 10% 8% 9% 10% 11% 0.133 0.454 0.725 0.489

HHS (score) 1.6 1.8 1.6 1.7 1.3 0.000 0.005 0.000 0.000
Poor (=3) 35% 39% 36% 37% 28% 0.001 0.011 0.002 0.003
Borderline (1-2) 32% 39% 31% 34% 25% 0.000 0.036 0.003 0.000
Good (=0) 34% 21% 32% 29% 47% 0.000 0.000 0.000 0.000

Households: 1,800 (NT=341, MJ=423, GFD=521, CBT=515)

FCS (score) 214 22.6 0.020 221 221 0.998
Poor (s21) 66% 60% 0.012 62% 62% 0.730
Borderline (22-34) 26% 29% 0.181 28% 28% 0.877
Good (235) 8% 11% 0.040 9% 10% 0.423

HHS (score) 1.6 1.6 0.948 1.6 1.5 0.196
Poor (=3) 33% 36% 0.141 36% 34% 0.265
Borderline (1-2) 35% 29% 0.011 31% 32% 0.400
Good (=0) 32% 35% 0.305 33% 34% 0.769

Households: PMT - FCS=716, NT=1,084; PMT - HHS=726, NT=1,074

Note: P-values given and labelled ‘p, XXX-YYY' are t-tests of significance of differences in means across the indicated groups. ‘Joint sig’ in the final column of the upper panel is the
F-test of significance across all four groups. See Table 5 for column details in upper panel. Lower panel columns in order are: PMT - FCS, PMT-targeted using FCS as outcome; NT,
NOT targeted by the PMT using FCS as outcome; p, PMT - FCS, t-test of difference between first two groups; PMT - HHS, PMT-targeted using HHS as outcome; NT, NOT targeted
by the PMT using HHS as outcome; p, PMT - FCS, t-test of difference between previous two groups.
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Figure 4: Food security trend over time, by targeting group (FCS)

30

-  Average
— CBT

- M

— OFD

-~ Untargeted

— Average
- CBT

PMT - FCS
—— PMT - HHS

<« ¥
Month

Note: FCS score on y-axis, where higher is better; the threshold for ‘food secure’ is typically considered to be
greater than or equal to 35.
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Figure 5: Food security trend over time, by targeting group (HHS)
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Note: HHS score on y-axis, where higher is worse; the threshold for ‘food secure’ is typically = 0 (as any score
represents severe deprivation at some time in the past month); any score greater than 2 represents severe food
insecurity.

5.4 Assistance and food security: panel regressions

We finally turn to an examination of the association between assistance received and food
security for different groups, estimating Equation (2). The PMT-targeted group analysed in
each case is that constructed with the associated outcome indicator, on the basis that
policymakers most frequently construct a PMT using the outcome they are most interested
in impacting. Results for the key indicators are shown in Table 7 and Figure 6 (with full
regression results, and those that include the rCSI, in Table 12 and Figure 11 in Annex A).
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Figure 6: Coefficient plot of main fixed effect regression results
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Note: Results from Equation (2), OLS with household fixed effects. Monthly fixed effects also included (not
shown, see Annex A for complete results).
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Table 7: Regression results: targeting and food security outcomes

Targeted and received MJ 1.076* 0.040%** 0.262*** -0.1771%**
(0.554) (0.014) (0.058) (0.035)
L.Targeted and received MJ 0.042 0.027* 0.3718%** -0.185%**
(0.544) (0.014) (0.055) (0.030)
Targeted and received GFD 3.103*** 0.093** 0.090 -0.058**
(0.590) (0.020) (0.077) (0.027)
L.Targeted and received GFD 0.509 0.007 0.172* -0.029
(0.531) (0.016) (0.100) (0.029)
Targeted by CBT 2.140%** 0.085%** 0.155** -0.073%***
(0.556) (0.019) (0.069) (0.027)
L.Targeted by CBT 0.779 0.042%** 0.754%** -0.064***
(0.500) (0.016) (0.056) (0.024)
Targeted and received, PMT (FCS) 0.450 -0.015
(0.434) (0.016)
L.Targeted and received, PMT (FCS) -0.066 0.006
(0.446) (0.015)
Targeted and received, PMT (HHS) 0.040 -0.005
(0.037) (0.017)
L.Targeted and received, PMT (HHS) 0.032 -0.008
(0.048) (0.019)
Constant 18.316*** 0.046%+* 1.232%** 0.545%**
(0.292) (0.008) (0.040) (0.013)
No. of household-month observations 43,374 43,374 43,376 43,376
R-Squared 0.045 0.016 0.017 0.026

Notes: Standard errors clustered at the fokontany level (~16 households per unit). *p < 0.10, **p < 0.05, ***p < 0.01. Month fixed effects included but not shown (see Annex A). In
each case, “L." refers to the “lag” (previous month) of the variable or interaction indicated.
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We interpret the coefficients on the interaction terms between targeting method and receipt
of assistance as the degree to which, controlling for household fixed effects and
seasonality, households were more or less likely to ‘benefit’ from assistance depending on
how they were targeted, and also if those benefits seem to persist for more than the month
in question. For the FCS, we see a strong positive influence of assistance on food security:
both the level of the score and the likelihood of being food secure. This relationship is
strongest among the GFD-targeted group, but persists longer for the CBT-targeted group.

However, results for the HHS are roughly the opposite: the influence of food assistance
seems to be worse for households that were specifically targeted relative to those who
never received assistance (noting that positive coefficients indicate worse outcomes,
whereas for the binary of ‘being food secure’ a negative indicates a lower likelihood). The
trend appears to be the strongest for CBT and MJ households, noting that these have in
common a strong tendency (as shown in Table 7) to be households with small children. One
additional point of interest is that the results from the rCSI (shown in Figure 12 in Annex A)
are quite different, with improvement after receipt of assistance (generally speaking) and
more marked improvement for CBT households.

The event study approach reveals a dynamic component that the other methods cannot: by
(within each targeting group) examining the trends in each food security outcome for
several months before and after assistance was received. While the event approach
combines ‘events’ in time — hence the x axis is not continuous time, but is ‘collapsed’ around
the definition of ‘events’ (see Section 4) — we are still controlling for seasonality with month
fixed effects.

A few core trends dominate, as shown in Figure 7 and Figure 8. First, while it is true that
CBT-targeted households are ex ante slightly better off on average in terms of food security
than other households, their state worsens in the months prior to receiving assistance, both
with respect to the FCS (Figure 7) and the HHS (Figure 8). In contrast, categorically targeted
households experience no change in the months prior to receiving assistance, and PMT-
targeted households actually improve somewhat. Given that overall trends in food security
are quite different for the FCS and HHS, it is notable that these findings are consistent
across indicators.

Second, CBT-targeted households also experience more sustained improvement after
receiving aid than those targeted by data-based methods, and this likewise holds for both
the FCS and the HHS. Post-assistance dynamics are different for other households:
categorically targeted households receiving the MJ rations continue to decline slightly
despite the receipt of assistance, whereas those receiving GFD rations improve (similar to
the CBT-targeted group). PMT-targeted households seem to improve in the immediate
aftermath of receiving assistance, but the improvements are short-lived and they revert
thereafter. The general trends are similar for not just the FCS and HHS but also the rCSlI,
particularly for CBT households, with a decline in food security prior to receiving assistance
and improvement thereafter (see Figure 12 in Annex A).
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Figure 7: Event study outcomes by targeting methods (FCS)
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Note: Event study outcomes, for five months before and after assistance is received. Note that ‘time 0’ is not a
fixed point in time but is designated by the event study (see Section 4.2 on empirical methods). In turn, the y-axis
indicates the mean level of each indicator at the time of the event, which varies across targeting groups.

Figure 8: Event study outcomes by targeting methods (HHS)
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Note: Event study outcomes, for five months before and after assistance is received. Note that ‘time 0’ is not a
fixed point in time but is designated by the event study (see Section 4.2 on empirical methods). In turn, the y-axis
indicates the mean level of each indicator at the time of the event, which varies across targeting groups.
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6 Discussion and conclusion

This study uses data that are particularly well-suited for answering answer some long-
standing questions related to targeting methods and outcomes. We find, first, large and
substantively important differences in who is identified across methods. We also see that
food security seasonality and trends are dramatic, in ways that, without the data we have,
could well mask differences across targeting groups and/or the assessment of any kind of
comparison between them, ex ante or over time. In turn, findings for CBT households are
complicated: while these households are better off by observable food security metrics,
which would suggest greater Type 1 errors (inclusion of households that are not in need),
they in fact are dynamically worse off, which is to say that they seem to be more negatively
affected by circumstances, building up to when transfers are received and community
targeting decisions are made.

While this work does provide direct answers to our research questions, there are also some
issues that mean these results should be interpreted with caution. Our findings also
highlight some existing tensions and challenges in the targeting conversation.

The greatest cause for caution in interpreting these findings is the fact that, while these data
provide a unique opportunity for nuance and depth in addressing our questions, the context
of southern Madagascar is unique, as was the specific programming context. The overall
level of food security is extraordinarily poor, limiting the possible range of differences in
food security that might be identified by different targeting methods. In turn, CBT is
inherently highly context-specific, and there are a multitude of ways to implement it (Coady
et al., 2004). CRS worked with communities at a very local level, and provided guidance on
ensuring that the needs of the most vulnerable were met. By contrast, some agencies may
work with leadership at higher levels, for example, and provide more or less structure in the
process. There is further work to be done to understand what components of this process
(and where) are likely to lead to the targeting of households that are most in need of, and/or
most likely to benefit from, programming.

There is, relatedly, a long-recognised tension between seeking an ‘impact’ and providing
relief to the most vulnerable households (Haushofer et al., 2025). The ‘worst off’ group ex
ante is potentially NOT the one for which the intervention will achieve the greatest impact.
We find that the categorically targeted groups (both MJ and GFD) are both worse off than
the CBT groups ex ante, but the CBT group seems to benefit more from assistance. The MJ
group seems to be relatively stable both before and after, or even continues to get worse
(depending on the indicator measured). This finding further suggests that agencies (and
donors) should think critically about the idea of targeting to seek an impact, especially in
humanitarian programming. In this case, were one to have trusted the CBT process at the
exclusion of the MJ-targeted group, in particular, one would likely have seen a greater
measurable impact of programming; but this would have been a grave mistake, as the MJ-
targeted group are overall the worst off, and it could be the case that the assistance was
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critical for the MJ-targeted group, keeping them from experiencing still worse conditions
and falling to critical levels of food insecurity, which are even more consequential for
pregnant women and children in the first 1,000 days. The conclusion from this finding, while
relatively straightforward, is often difficult to implement in practice, given the ‘drive’ to show
a measurable impact. One needs to be careful about what impact one is hoping to see and
why, and to recognise that achieving measurable impacts on some indicators may be the
wrong target in a given context. One might, for example, recognise that improved ‘dietary
diversity’ is not likely for a given group, but another metric, like avoiding falling below a given
threshold — or averting the need for emergency services — might be a more suitable goal.

Another clear, but challenging, finding is that both targeting and evaluating whether targeting
was ‘good’ are complicated to an extraordinary degree by dynamic components that
available data rarely capture. The relative ranking of households changes over time, so
households targeted by a data-based method will be different depending on when data were
collected, and in turn evaluation of targeting errors depends on timing. While this issue may
be quite difficult to ‘solve’ in the absence of (scarce) high-frequency panel data, a
recommendation that emerges is to carefully consider the timing of data collection for data
used at each stage, and to take into account what types of household vulnerability might be
under- or over-stated at that time. For example: is this a post-harvest period that would
favour households with more land holdings? Or, alternatively, is any assistance being
received that would affect which indicators seem ‘better’ for recipient households, but that
may no longer be relevant when the new programme is being implemented?

Relatedly, targeting may be subject, to a remarkable degree, to the specific choice of
indicator in the data process. In our case, groups identified by exactly the same machine
learning and PMT method with two different food security indicators overlapped by only
25%. This is highly problematic from a practical point of view, as assistance programming
usually has multiple targeted indicators (i.e. policy makers are seeking improvements
across all available food security metrics, sometimes even other wellbeing indicators like
incomes or assets), and data are commonly not even available for many of these, much less
used in targeting. In some cases, in turn, it may not be the same analysts or agencies that
are implementing the targeting as are evaluating the impacts. Policy actors should be aware
of this sensitivity, and account for it, either by triangulating across indicators and methods
when targeting, or matching the targeting algorithms well (and carefully) to the
improvements (or risks) being addressed by the intervention.

The research agenda going forwards must be informed by the fact that well-suited data like
those we leverage here are rarely, if ever, available, and this rarity has recently been
exacerbated by the cutting off of US foreign assistance. Our findings might offer some
assurance that communities are making wise decisions, that are informed by the dynamic
setting, and would in principle preclude the need for us to collect data reflecting this
dynamic environment. However, further research should examine the nature of community-
based processes, and the degree to which guidance and combining them with other criteria
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make them more likely to yield these results. Another area, and one which is currently
subject to a great deal of attention, is the advantages and pitfalls of geographic targeting
using geo-spatial data. In this same setting and others, for example, we should assess the
performance of geographic targeting, and seek to understand which specific data points
(that might need to be collected on site from households or communities) are most critical
for improving the accuracy, both on average and distributionally, of geographic approaches.
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Annex A Additional evidence and results for
rCsi

Table 8: Sample size detail, by commune, including assistance programmes received

Region District Commune Program area Households
Ambatotsivala DFSA 45
Behabobo Both 45
Beloha DFSA 120
Kopoky Both 90
Androy Beloha .
Mahaenegne Neither 15
Marolinta Both 90
Tranoroa Both 90
Tranovaho Both 105
Anjampaly Both 60
Ankilivalo Both 15
Antaritarika Both 75
Behazomanga DFSA 45
Androy Tsihombe Betanty-Faux-Cap Both 60
Imongy Both 60
Marovato DFSA 105
Nikoly Both 60
Tsihombe DFSA 120
Andoipano Neither 60
Androka Both 150
. ) Belafike-Haut Emergency 60
Atsimo Andrefana Ampanihy-Ouest ) .
Ejeda Neither 165
Gogogogo Neither 60
Itampolo Neither 105

Table 9: Event study sample size

Targeting Method No. of households with ‘event’ No. of ‘eligible’ households
Categorical - MJ 98 211
Categorical - GFD 142 255
CBT 308 515
PMT - FCS 357 357
PMT - HHS 331 331
PMT - rCSI 318 318

Notes: The third column (No. of ‘eligible’ households) is accounting for all households that were both targeted by
that method and received assistance. As assistance was 'systematic’ for the groups actually targeted by these
programmes (the first three categories), many households are dropped by the definition of the ‘event’ study; for
those we simulate as targeted via PMTs, the receipt of assistance is more randomly dispersed, so we do not lose
observations.
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Figure 9: Venn diagram of overlap between targeting groups, PMTs only
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Note: The Venn diagram is proportional to size, and capturing ‘static’ targeting categories across PMT-identified
groups using the three different food security indicators.

© Data & Evidence to End Extreme Poverty 35



COMPARING COMMUNITY-BASED AND DATA-DRIVEN TARGETING APPROACHES FOR HUMANITARIAN ASSISTANCE: EVIDENCE FROM SOUTHERN MADAGASCAR

Table 10: Household characteristics at baseline (detail), for all households and across targeting groups

Indicator housAeuol g NT T-GFD T-CcBT P %?.T - P &T - P gf; " Joint sig P;\:I:;- PF':’I'_TS' Pr'gl'
Household with children <2 33% 12% 64% 11% 42% 0.000 0.000 0.000 0.000 23% 48% 39%
","v‘;:f::dd with pregnant/nursing 40% 15% 79% 11% 54% 0.000  0.000  0.000  0.000 52% 38% 48%
Female head with =2 children 30% 4% 33% 45% 32% 0.000 0.584 0.000 0.000 29% 38% 34%
Household with =5 children 12% 1% 18% 13% 13% 0.000 0.045 0.984 0.000 3% 20% 22%
Head <18 years 1% 1% 0% 1% 0% 0.082 0.119 0.015 0.099 1% 1% 0%
Household has >1 elder (>65) 2% 1% 0% 4% 1% 0.994 0.116 0.000 0.000 2% 2% 2%
Household has disabled member 2% 0% 1% 6% 1% 0.068 0.969 0.000 0.000 1% 5% 6%
Household has chronically ill member 20% 4% 17% 39% 12% 0.000 0.018 0.000 0.000 6% 46% 31%
Household size 5 4 6 5 5 0.000 0.000 0.871 0.000 4 6 6
Head age 411 41 36 48 38 0.010 0.034 0.000 0.000 41 39 39
Head female 46% 24% 43% 63% 45% 0.000 0.584 0.000 0.000 47% 48% 41%
Head marital status — monogamous 56% 62% 65% 43% 58% 0.199 0.024 0.000 0.000 52% 58% 61%
Head marital status — polygamous 3% 3% 4% 2% 2% 0.428 0.268 0.358 0.210 2% 4% 5%
Head marital status — separated 20% 18% 16% 26% 19% 0.866 0.304 0.003 0.000 25% 23% 24%
Head marital status - divorced 1% 0% 0% 2% 1% 0.544 0.419 0.020 0.002 1% 1% 1%
Head marital status — widowed 8% 6% 3% 16% 5% 0.932 0.117 0.000 0.000 9% 8% 6%
Head marital status — never married 12% 10% 12% 11% 14% 0.042 0.209 0.067 0.139 13% 5% 2%
Head chronically ill 13% 3% 10% 28% 6% 0.030 0.036 0.000 0.000 2% 31% 19%
Head disabled 13% 5% 8% 29% 7% 0.234 0.736 0.000 0.000 6% 26% 17%
Head has formal education 33% 26% 36% 27% 40% 0.000 0.281 0.000 0.000 16% 30% 15%
Head literate in Malagasy 27% 23% 32% 22% 31% 0.018 0.792 0.001 0.000 11% 23% 11%
Head literate in French 12% 11% 14% 11% 14% 0.187 0.794 0.169 0.238 0% 8% 2%
Head education level 2.1 1.7 2.3 1.7 2.5 0.003 0.445 0.000 0.001 0.6 1.7 0.6
Max education level in household 42 34 4.6 4.2 4.5 0.000 0.806 0.152 0.000 2.1 3.8 2.6
Dependency ratio 0.45 0.32 0.48 0.49 0.47 0.000 0.466 0.219 0.000 0.45 0.55 0.48

Households: 1,800 (NT=341, MJ=423, GFD=521, CBT=515, PMT - FCS=716, PMT - HHS=726, PMT - rCSI=727)
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Table 11: Food Security at Baseline across Targeting Groups (including rCSI), with tests of
differences for mutually exclusive groups

All p,CBT- p,CBT- p,CBT-

Indicator households NT T - GFD T-CBT NT MJ GFD Joint sig
FCS 22.1 21.0 215 22.1 233 0.002 0.010 0.066 0.009
Poor (21) 62% 65% 62% 63% 58% 0.047 0.241 0.117 0.202
Borderline o o o o o
(22-34) 28% 27% 28% 27% 31% 0.250 0.446 0.147 0.481
Good (235) 10% 8% 9% 10% 1% 0.133 0454 0725 0.489
HHS score 1.6 1.8 1.6 1.7 13 0.000 0.005  0.000 0.000
Poor (23) 35% 39% 36% 37% 28% 0.001 0.011 0.002 0.003
?f_’g;*"'"e 32% 39% 31% 34% 25% 0.000 0.036 0.003 0.000
Good (=0) 34% 21% 32% 29% 47% 0.000 0.000 0.000 0.000
rCSl score 16.5 17.4 16.4 16.9 15.8 0004 0325 0035 0.026
Poor (221) 25% 26% 30% 26% 21% 0.063 0.001 0.047 0.014
?:_’g:;""e 70% 71% 66% 70% 72% 0.750 0.061 0.428 0.287
Good (<4) 5% 3% 4% 4% 7% 0.005 0.020 0.037 0.009

Households: 1,800 (NT=341, MJ=423, GFD=521, CBT=515)

Indicator NT P, E(I;AST : Pm'TS- P :"_\IAST : F:_I\égl-

FCS 21.4 226 0020 221 221 0998 220 22 0711
Poor (21) 66% 60% 0012  62% 62% 0730 62% 62% 0788
gz)’de’""e 2 26% 20% 0.181 28% 28% 0.877 28% 29% 0.740
Good (235) 8% 1%  0.040 9% 10% 0423 10% 0%  0.949

HHS score 16 16 0.948 16 15 0.196 17 15 0.001
Poor (=3) 33% 36% 0141 36% 34% 0265  38% 33% 0018
Borderline (1-2)  35% 20%  0.011 31% 32% 0400  32% 32% 0998
Good (=0) 32% 35% 0305  33% 34% 0769  30% 36% 0017

rCSI score 167 164 0416  16.6 165 0826  17.6 159 0.000
Poor (221) 26% 25% 0422 24% 2% 0193 28% 23%  0.021
Borderline (4-21)  68% 71% 0237 72% 69% 0165  68% 71% 0129
Good (<4) 5% 4% 0.358 4% 5% 0.742 4% 5% 0.139

Households: PMT - FCS=716, NT=1,084; PMT - HHS=726, NT=1,074; PMT - rCSI=727, NT=1,073
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Figure 10: Food security trend over time, by targeting group (rCSl)
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CBT
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Note: rCSI score on y-axis, where higher is worse; the threshold for ‘food secure’ is typically j=3, and greater than

21 is considered severely food insecure.
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Table 12: Regressions of food security indicators on targeting (household fixed effects)

Targeted and received MJ

L.Targeted and received MJ

Targeted and received GFD

L.Targeted and received GFD

Targeted by CBT

L.Targeted by CBT

Targeted and received, PMT (FCS)

L.Targeted and received, PMT (FCS)

Targeted and received, PMT (HHS)

L.Targeted and received, PMT (HHS)

Targeted and received, PMT (rCSl)

L.Targeted and received, PMT (rCSI)

survey month = 1

survey month = 2

survey month = 3

(1) Fcs
1.076*
(0.554)
0.042
(0.544)
3.103%%*
(0.590)
0.509
(0.531)
2.140%%*
(0.556)
0.779
(0.500)
0.450
(0.434)
-0.066
(0.446)

-0.264
(0.381)
3.922%+
(0.424)
3.704%
(0.448)

(2) FCS - food secure

0.040%+*
(0.014)
0.027*
(0.014)
0.093%%*
(0.020)
0.007
(0.016)
0.085%+*
(0.019)
0.042%%*
(0.016)
-0.015
(0.016)
0.006
(0.015)

0.002
(0.009)
0.079%+
(0.014)
0.064**+
(0.015)

(3) HHS score

0.262%%*
(0.058)
0.318%*
(0.055)
0.090
(0.077)
0.172*
(0.100)
0.155%*
(0.069)
0.154%k
(0.056)

0.040
(0.037)
0.032
(0.048)

-0.057
(0.059)
-0.276%+*
(0.058)
-0.343%%+
(0.072)

(4) HHS - food secure

_01 71 *kk
(0.035)
-0.185%+*
(0.030)
-0.058**
(0.027)
-0.029
(0.029)
-0.073%+*
(0.027)
-0.064%+
(0.024)

-0.005
(0.017)
-0.008
(0.019)

0.008
(0.020)
0.105%+*
(0.020)
0.130%*
(0.025)

(5) rCSl score

-0.592
(0.456)
0.192
(0.538)
-1.383%%*
(0.358)
-0.650*
(0.328)
-1.929%%*
(0.337)
-0.937%%*
(0.321)

0.015
(0.260)

-0.529%*
(0.228)
0.016
(0.228)

-1.135%*
(0.303)
-0.546
(0.329)

(6) rcsl — food secure

-0.001
(0.020)
-0.010

(0.021)
0.026**
(0.012)

0.007

(0.009)
0.079%*
(0.009)
-0.003

(0.009)

0.007
(0.011)
0.021**
(0.008)
-0.005

(0.007)

0.047%+*

(0.014)
0.020
(0.015)
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(1) FCS (2) FCS - food secure (3) HHS score (4) HHS - food secure (5) rCSI score (6) rCSI - food secure
survey month = 4 3.872%** 0.039%** -0.403*** 0.148*** 0.079 0.020
(0.465) (0.013) (0.066) (0.023) (0.368) (0.016)
survey month = 5 3356k 0.044+* -0.197%** 0.047** -0.070 0.015
(0.434) (0.011) (0.062) (0.019) (0.288) (0.013)
survey month = 6 2.340** 0.029** -0.220%** 0.062*** 0.408 -0.012
(0.469) (0.013) (0.062) (0.021) (0.292) (0.010)
survey month =7 1.553* 0.032%* -0.192%** 0.074%* 0.469 -0.017
(0.520) (0.012) (0.063) (0.021) (0.351) (0.011)
survey month = 8 NGl 0.028*** -0.097* 0.026* 0.202 -0.004
(0.372) (0.009) (0.050) (0.015) (0.280) (0.009)
survey month = 9 0.008 0.011 -0.049 0.003 -0.588** 0.0217*
(0.292) (0.007) (0.044) (0.014) (0.281) (0.010)
survey month = 11 0.252 -0.009 0.027 0.001 -0.611* -0.011
(0.439) (0.009) (0.064) (0.020) (0.331) (0.011)
survey month = 12 0.107 -0.003 -0.008 -0.047** 0.044 -0.006
(0.331) (0.008) (0.052) (0.016) (0.235) (0.005)
Constant 183 1&== 0.046*** 1 2B 0.545%** 16.574%** 010682
(0.292) (0.008) (0.040) (0.013) (0.195) (0.007)
No. of households 43,374 43,374 43,376 43,376 43,376 43,376
R-Squared 0.045 0.016 0.017 0.026 0.010 0.006

Notes: Standard errors clustered at the Fokontany level (~16 households per unit). *p < 0.10, **p < 0.05, ***p < 0.01. For month fixed-effects, October (survey month = 10) excluded.
. In each case, “L.” refers to the “lag” (previous month) of the variable or interaction indicated.

© Data & Evidence to End Extreme Poverty 40



COMPARING COMMUNITY-BASED AND DATA-DRIVEN TARGETING APPROACHES FOR HUMANITARIAN ASSISTANCE:

EVIDENCE FROM SOUTHERN MADAGASCAR

Figure 11: Coefficient plot of main fixed effect regression results
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Note: Results from Equation (2), OLS with household fixed effects. Monthly fixed effects also included (not
shown, see Table 12 for complete results). The PMT group assessed in each is the one identified using the

corresponding outcome indicator.
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Table 13: Random forest variable importance for food security indicators

Household characteristics
Household with children <2

Household with pregnant/nursing woman

Female head with =2 children
Household with =5 children

Head <18 years

Household has >1 elder (>65)
Household has disabled member
Household has chronically ill member
Household size

Head age

Head female

Head marital status — monogamous
Head marital status — polygamous
Head marital status — separated
Head marital status — divorced
Head marital status — widowed
Head marital status — never married
Head chronically ill

Head disabled

RForest - FCS

10
9

N o1 N O

9
8

RForest — HHS

RForest - rCSI
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Household characteristics RForest —-FCS RForest —-HHS RForest - rCSI

Head has formal education
Head literate in Malagasy

Head literate in French 6
Head education level 4 4 5
Max education level in household 1 2 2
Dependency ratio 3 3 4

Figure 12: Event study outcomes by targeting methods (rCSI)
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Note: Event study outcomes, for five months before and after assistance is received. Note that ‘time 0’ is not a
fixed point in time, but designated by the event study (see Section 4). In turn, the y-axis indicates the mean level
of each indicator at the time of the event, which varies across targeting groups.
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