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Abstract

In a world of scarce resources, governments must be able to target their social pro-
grams efficiently. Over the past 20 years, governments in contexts without high-quality
administrative data have increasingly used proxy means testing (PMT) to conduct this
targeting due to its ease and relatively small data requirements. In this paper, we ex-
plore the potential of neural networks and satellite imagery to reduce the error rate of
traditional PMT and test whether those reductions translate to improved effectiveness
of programs that rely on the method. We use administrative data to conduct an ex-
post targeting exercise of the Progresa cash transfer experiment in Mexico. We find
that in our context, the overall gains associated with utilizing neural networks and
satellite imagery are relatively small — around an additional three percentage points
of variation explained. However, we decompose these gains into different error types
and find that our model that overweights households towards the endpoints of the
consumption distribution decreases exclusion error with a limited tradeoff in terms of
inclusion error. We compare the program effectiveness of Progresa on nutrition and
poverty outcomes for the full sample, those targeted by traditional PMT, and those
targeted by our preferred model. We find evidence of modest effectiveness gains due
to improved program targeting. These gains are centered around outcomes such as
poverty intensity and consumption of grains, where we might expect social protection
programs to have greater impacts among poorer households.

*This research was made possible by support from Dr. Natalia Volkow and the entire staff at the Instituto Nacional de
Estadistica, Geografifa e Informética (INEGI). The statistics reported within do not reflect official statistics of the Federal
Government of Mexico or INEGI.

"Dyson School of Applied Economics and Management, Cornell University, Ithaca, NY 14853 USA;
Corresponding author

School of Humanities, Arts and Social Sciences, MIT, Cambridge, MA 02142 USA



1 Introduction

The ability of governments to effectively implement programs depends on their capacity to
successfully target recipients, regardless of the program’s composition. No government has
unlimited resources, meaning there is naturally a tradeoff between spending on beneficiaries
and data collection for program targeting. This tradeoff means that cheap and accurate
targeting methods are invaluable to resource-constrained governments looking to make cost-
effective reductions to poverty.

In high-income countries, program targeting is typically made easier through robust,
near-universal administrative data systems. For example, eligibility for income-based welfare
programs can be automatically tested using high-quality data on tax returns (Mirrlees, 1971).
However, in lower-income countries with limited data systems and /or state capacity, accurate
targeting can be both a much more difficult and arguably more important exercise — as the
proportion of the country living in extreme poverty increases, so does the necessity of being
able to target developmental and humanitarian programs effectively.

To overcome this difficulty, resource-constrained governments often use one or more
alternative methods to target social programs, from self- to community-based to statisti-
cal/predictive targeting (Hanna and Olken, 2018). In this paper, we hone in on the last
of these methods and explore the potential of best-practice machine learning methods and
satellite imagery to do two things. First, we test whether using these methods can re-
duce the error rate of one currently-widespread method of statistical targeting, proxy means
testing (PMT). Second, conditional on our method displaying improvement over standard
methods, we test whether greater targeting accuracy translates to improved effectiveness of
targeted programs and briefly discuss the potential costs and benefits of implementing the
improvements at scale.

To do the first, we construct neural network models, train and validate them on survey
data with high-quality consumption measures on the left side of the equation, and a combi-
nation of satellite images and variables found in the much smaller set of data used to target
the program on the right. We test this against a standard PMT exercise on the same data
(minus the satellite images). We also vary the loss functions of both models to overweight
two groups where misclassification is likely the most costly, those towards the endpoints of
the consumption distribution (we refer to these as our “distance-weighted” models). To do
the second, we use the trained model and data from the randomized evaluation of the Mexi-
can conditional cash transfer program Progresa to compare the estimated average treatment
effects of the program on nutrition and poverty outcomes for three subsamples: i) the full
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being evaluated; and iii) the set of households that received the intervention but would not
have been targeted under the method being evaluated. Additionally, we estimate the treat-
ment effects among households not included in Progresa’s original sample but would have
been under our methods. To do so, we leverage a secondary targeting exercise called the
“densification” process to identify program recipients who were not originally targeted.

We find that all of our models explain more than half of the variation in out-of-sample
consumption at the household level. While there are gains to utilizing neural networks
and satellite image data, the overall gains are relatively small — around an additional three
percentage points of variation explained. We decompose those gains to see how the models
perform on different types of targeting errors — inclusion and exclusion — and for two different
poverty lines. We find that the distance-weighted neural network results in the best inclusion-
to-exclusion-error ratio and select it as our preferred model for testing treatment effects from
Progresa.

The results from the Progresa exercise are largely consistent for both the set of nutrition
outcomes and the set of poverty outcomes. In both cases, as has been shown before in
Hoddinott and Skoufias (2004) and Skoufias et al. (2001), respectively, the program had
a statistically and economically significant positive impact on a range of outcomes. This
is also true across the three subsamples, though we are more interested in the differences
between estimated effects. Tests for coefficient equality find some evidence of modest gains to
accurate program targeting, particularly along outcomes like poverty intensity and calories
from grains, where we might expect the bigger difference between the properly-targeted poor
and the less poor that “leaked” into the Progresa sample.

The paper is structured as follows: section 2 provides a brief review of targeting in
practice, as well as recent attempts to improve PMT methods; section 3 provides background
information on the program and RCT we use to test our models; section 4 details our methods

and data; section 5 provides results; and section 6 concludes.

2 Targeting in Practice

2.1 An overview of available methods

In practice, methods of program targeting can vary on multiple dimensions. The most
important of these dimensions are the selection criteria and the targeting actors. On criteria,
programs can be targeted toward individuals or “categorically” targeted toward groups. Most
often, this targeting is conducted by program administrators, but there are also numerous
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recipients self-identify as eligible. Program designers face various trade-offs in choosing
methodologies, and there is no one-size-fits-all approach to recipient selection. As such,
programs often combine selection methods. Such is the case of Progresa, whose selection
methodology we will discuss more thoroughly below.

In cases where administrators delegate the selection of recipients, targeting often occurs
in one of two ways. First, some programs rely on self-targeting, in which potential benefi-
ciaries are required to signal to the program in some way that they fall within its bounds,
whether through an application, needs assessment, or direct action as in workfare programs
(for example, India’s NREGA scheme) (Nichols and Zeckhauser, 1982). While this form
of targeting can be effective at reducing inclusion error, there are obvious concerns about
optimizing the size of the cost, ensuring the program does not disproportionately exclude a
certain subgroup of the intended population (e.g., persons with disabilities unable to par-
ticipate in workfare programs), and advertising such that the application process is widely
known (Alatas et al., 2016).

Second, administrators may delegate recipient selection to the community and ask com-
munity members to help select the potential beneficiaries for whom the program is most
relevant. Included here are both traditional community-based targeting, in which commu-
nity members help select the beneficiaries themselves (Karlan and Thuysbaert, 2019), as well
as “indirect reporting,” in which the members only provide information about indicators of
poverty, such as observable assets (Alix-Garcia et al., 2019). These methods can reduce some
of the potentially exclusionary trade-offs associated with self-targeting discussed above and
provide a source of targeting information that is less likely to be influenced by point-in-time
estimates of high-variance indicators like income. However, there are potential drawbacks,
including elite capture of the targeting mechanism and differing definitions of the indicator
being targeted on (Karlan and Thuysbaert, 2019).

Administrators face a trade-off between targeting groups or individuals when they con-
duct the targeting. In cases where governments enroll groups into programs, the selection
is often geographic, targeting sub-national administrative areas. Baker and Grosh (1994)
showed that this method can reduce targeting costs by relying on aggregated data but that
potential gains associated with programs increase as the unit of targeting approaches the
individual. In this paper, we will examine the usefulness of machine learning and satellite
imagery when recipient selection is at the individual level, but there is also a growing lit-
erature showing that these methods can be useful when conducting geographic targeting in
areas where survey data collection is absent or severely limited (e.g., Engstrom et al. (2022);
Newhouse et al. (2022)).

Of course, groupings need not be geographic. In many cases, governments wish to pro-



vide benefits to a specific subset of the population. One readily available example of such
targeting is old-age pensions such as social security in the US. In the developing country
setting, South Africa’s Old Age Pension Grant Program offers one well-studied example
(Lund, 1993; Duflo, 2000; Case and Deaton, 1998). Categorical targeting of this kind can
be useful for governments whose programs have a specific goal in mind, such as supporting
an elderly population, can reduce data collection needed to select beneficiaries, and may
improve transparency by having well-defined eligibility cutoffs tied to program objectives.
While the above methodologies can be well-suited for many programs, categorical target-
ing of general poverty reduction programs can be ineffective when poverty is well distributed
across groups. Further, geographic targeting cannot account for heterogeneity in income
within areas and thus has the potential to include large numbers of non-poor recipients.!
For these reasons, program administrators often use predictive methods to target programs
at a household or individual level based on easily-measured prozies of more difficult but in-
formative indicators, like consumption. While there are many different types of proxy-based
statistical methods, the one that we will focus on in this paper, and that we will refer to
simply as “proxy means testing (PMT)” from here on out is a widespread variation in which,
similar to poverty mapping methods developed by Elbers et al. (2003), weights used to cal-
culate predicted consumption are estimated using regressions of survey-based consumption
measures on observables available in a near-universal data source, like census data (Brown
et al., 2016). These methods are popular because they mitigate some of the exclusionary
aspects of self-targeting, remove potential elite-capture concerns of community-based target-
ing, and, conditional on the existence of periodic representative consumption surveys, can
be cheaper to implement than either (Alix-Garcia et al. (2019); Ohlenburg et al. (2022)).
As this is the method we focus on in this paper, the following paragraphs will focus on its

development, tested accuracy, and recent improvements.

2.2 Testing proxy means testing and recent improvements

Proxy-means testing is widely used by governments across the world, including nations both
large (e.g., Indonesia, Pakistan, Nigeria, Mexico, and the Philippines) and small (e.g., Burk-
ina Faso, Ecuador, and Jamaica) (Hanna and Olken, 2018). Because of this wide adoption,
there has been a concurrent interest in measuring how well PMT works in practice, in which
scenarios it works well, and what can be done in the scenarios where it doesn’t (see Brown
et al. (2016); Filmer and Pritchett (2001); Grosh and Baker (1995) for a non-comprehensive

1As a counterpoint to this intuition, Ravallion and Wodon (1999) use data from Bangladesh to show
that geographic targeting of anti-poverty programs can be useful when there are large spatial correlations in
well-being unrelated to observable characteristics and structural barriers to migration.



starting list in general, and Coady (2006) and Coady et al. (2004) for previous studies on
Progresa targeting).

In particular, we take Brown et al. (2016) as a starting point in this paper. They use
rigorous consumption measures derived from LSMS surveys in nine countries in sub-Saharan
Africa to test how well the canonical version of PMT performs in targeting poor households,
as well as testing a few variations, including some (such as quantile regression centered at
the poverty line) that explicitly aim to reduce exclusion errors. They test PMT effectiveness
using outcomes including the percent of individuals predicted poor at both the 20th and 40th
percentiles; the inclusion error rate, or the proportion of those estimated as poor that are
not; and the exclusion error rate, or the proportion of those estimated not poor that indeed
are. We follow their example and assess our models using similar metrics, more fully defined
in section 4.2. They find that even their basic PMT model significantly outperforms their
counterfactual of universal coverage in terms of inclusion error but tends to exclude many
households erroneously. They conclude that “...econometric targeting typically provides at
most modest gains in poverty impacts over other policy-relevant alternatives.”

From the above, it is obvious that while PMT methods have made poverty targeting with
limited universal data coverage possible, there is still plenty of room to improve processes
and decrease error rates. There has been a burgeoning recent literature that we seek to
add to that uses machine learning (ML) methods and alternate, often “big,” data sources
to improve PMT. As with previous evaluations of PMT, the evidence is mixed, with success
dependent on context and data sources. Aiken et al. (2022) use survey, satellite, and mobile
phone data to target Covid-19 aid in Togo, and find that their method reduced errors of
exclusion anywhere from 4-21%. On the other hand, some studies (e.g., Barriga-Cabanillas
et al. (2022)) have had more mixed results, particularly in areas where the “big data” is
relatively homogeneous across the target population. Here, we take a recent paper by Yeh
et al. (2020) as our starting point. In the article, the authors use satellite imagery and
neural networks to predict poverty at the village level in countries in sub-Saharan Africa
and test the accuracy of those predictions using consumption data from LSMS and DHS
surveys. They find that their method can explain approximately 70% of village-level wealth
variation. In this paper, we attempt to push beyond this by combining satellite images with
survey data in our testing dataset to predict at the household level and test the predictive

improvements’ value by using data from a targeted RCT.



2.3 A note on costs

Finally, before describing the context of our project, a word should be said on the cost of
targeting in general and the costs of increasing the technical requirements of PMT specifically.
Surveying is expensive, and surveying to get accurate consumption or income measures
can be even more so. Alix-Garcia et al. (2019) estimate that it can cost anywhere from
$18 to $300 per household surveyed for data of comparable width and depth to LSMS
surveys. In particular relevance to our setting, Caldés et al. (2006) show that the largest
line item in Progresa’s budget was “beneficiary identification,” which made up 34% of the
total costs (excluding the cost of the transfers themselves) through the year 2000. One
of the benefits of PMT is that it reduces the costs of targeting — only periodic in-depth
surveys can be supplemented by predictive models and more universal but shallower data
sources like censuses. And recently proposed improvements to the method have emphasized
two sources of cost improvements: i) the ability of governments to take advantage of even
“cheaper” alternate data sources, such as publicly-available satellite images and available-to-
governments mobile phone data (Aiken et al., 2022); and ii) the effectiveness of new methods
of reducing the costs of surveys meant specifically for PMT (Ohlenburg et al., 2022).
However, it should be stated that both the standard version of PMT and particularly
recent improvements, ours included, are not costless. First, the lack of transparency behind
PMT methods has long been a concern of critics and practitioners; as one severe example,
Cameron and Shah (2014) argues that mistargeting combined with the method’s lack of
transparency helped provoke social unrest in Indonesia. It should be noted that perfect
transparency may also be undesirable as potential recipients may be able to manipulate
their observable characteristics (or survey answers) to increase their likelihood of inclusion.
Nevertheless, the increased use of ML methods, which introduce even more opacity towards
how weights are calculated, is likely to reduce transparency beyond what would be optimal.
Second, the technical implementation of these targeting methods is not costless. We will
discuss in more detail the technical cost of our method in section 6, but two points can be
made here. First, as machine learning methods become more computationally advanced and
testing and validating datasets become larger, the computing power and storage necessary
to train and run the models also increases. OLS regression-based PMT methods that could
formerly be run on any laptop with statistical software installed could quickly morph into
ML methods that require substantial amounts of expensive and sometimes less secure cloud
computing power. Second, increases in the technical sophistication of PMT methods in

most cases also necessarily translate to an increase in the base level of technical knowledge



required of their implementing team. Learning to export and process satellite images,? feed
them and tabular data into a mixed-data neural network, and properly train and validate
that network involved a non-trivial amount of learning by the authors of this paper. This
increased level of technical complexity not only increases the human capital necessary to
run targeting methods but also increases the number of potential fault points in the process,
points in which human error can have serious consequences on the targeting of much-needed

programs.

3 The Progresa Cash Transfer Experiment

In this work, we are interested not only in improving the predictive accuracy of standard
program targeting methods but also in understanding the value of these improvements. To
do this, we conduct an ex-post targeting exercise of Mexico’s Flagship rural development
program, Progresa, later renamed Opportunidades, and eventually Prospera. Specifically, we
explore the original impact evaluation conducted by the International Food Policy Research
Institute (IFPRI) and test program effects within the original targeted sample against those

in samples targeted by a standard proxy means test and our improved measure.

3.1 Program Design

The Mexican Government established Progresa (Programa de Educacion, Salud y Alimenta-
cion) in 1997 as the country’s flagship rural antipoverty program. The program reached
26 million families by 2000 and included three main components. As the program’s name
implies, these components are designed to be multi-sectoral and intended to improve house-
holds’ health, education, and nutrition.

The first component, and potentially the most internationally influential, aimed to in-
crease children’s educational attainment through a set of educational grants which effectively
acted as a conditional cash transfer. The grants were unrestricted in their use, but their dis-
tribution was conditional on a child’s enrollment in school and attendance for at least 85
percent of school days for a given month. The cash grants were adjusted every six months
to account for inflation and increased as the child advanced in years of schooling. Grants
were given for children in the third grade through secondary school graduation. At the time
of program implementation, households received 65 pesos for a child enrolled in third grade.

For children in secondary schools, the educational grants were slightly larger for females,

2Although recent work by Rolf et al. (2021) aims to make this step more accessible, there remain large
barriers to entry to utilizing satellite imagery.



such that for children enrolled in the final grade, households received 240 pesos if the child
was female and 210 if the child was male.

The second component intended to improve household members’ access to basic health
services. This component offered household members in-kind health services provided by the
Mexican Social Security Institute. This component also included instructional training on
health and nutrition called Platicas.

The final component aimed to improve household nutrition and included a fixed-value
cash transfer. This component began at 95 pesos per household and had increased to 125
pesos by the end of the IFPRI evaluation. These cash transfers were provided conditional on
a household’s participation in the in-kind health services provided as a part of component
two. Finally, this component also included nutritional supplements for all children under the
age of 5 and for all women who were either pregnant or lactating.

At the time of its design, Progresa was unique among antipoverty programs globally, and
it has since inspired a swath of similar programs concentrated in Latin America. The con-
ditionality of the program was designed so that the program may not only reduce monetary
poverty but also create incentives at the household level for human capital development. At
the same time, these conditions may have adverse consequences if recipients live in areas in
which they do not have access to education or health services. As many of the poorest and
most marginalized populations may not have suitable access to these services, a potential
downside of these conditionalities is that the poorest populations may be overlooked. As we
will discuss in section 3.2, this is part of why the program was targeted using an index of

community access to services rather than the standard consumption-based methodology.

3.2 Program Targeting

In this paper, the bulk of our results come from an ex-post targeting exercise of the Progresa
program. As such, it is worthwhile to understand the original methodology for targeting the
program, which was evaluated using a priority roll-out style randomized experiment. The
targeting of Progresa took place in a three-stage process. First, the government selected
communities using a principle component analysis-generated index of community marginal-
ity. Within selected communities, households were then selected using household survey
data. Finally, the selected communities were presented with a list of selected participants
and allowed to add households that they felt were excluded (Skoufias et al., 1999).

To ensure that the poorest households were included in the study, the National Institute
for Statistics, Geography and Information (INEGI) constructed a marginality index using

census-level data from the General Population and Housing Census of 1990, the Population



and Housing Count of 1995 and the Geographic Integration Catalog. The marginality index
was constructed using seven locality-aggregated variables: 1) illiteracy, 2) access to run-
ning water, 3) household drainage capability, 4) household electrical access, 5) the number
of household occupants, 6) housing floor material, and 7) labor force participation in the

agricultural sector. From these variables, the marginality index was calculated as follows:
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where a:f is the value of variable i for locality 7, Z; and o; are the mean and standard

deviation of variable ¢ respectively. f; is the weight for variable i as determined by the

principle component analysis.

Among those communities chosen through the marginality index, they were screened for
access to health and education services, as the utilization of these services was a prerequisite
for program participation due to the conditionalities discussed in Section 3.1. Communities
that did not have a school or health center local to them were still eligible for the program
if they had a primary school within 2.5, 3, or 6 kilometers, depending on if the school was in
a rural locality, located on a secondary road, or located on a federal route. This same rule
applied to secondary schools within 5, 6, or 10 kilometers and health centers within 5, 10,
or 15 kilometers.

Among the communities that were selected for the program, individuals were selected
using socioeconomic data from the Encuesta de Caracteristicas Socioeconomicas de los Hog-
ares (ENCASEH), which we will describe in detail in Section 4.1. Using this data, INEGI
identified eligible households using a discriminant analysis to describe the characteristics of
households with a higher tendency to have incomes below the poverty line. Scores from the
discriminant analysis ranged from 0 to 100, with lower scores having a higher likelihood of
poverty and, thus, being more likely to be included.

Finally, following the initial registration of participants, the administrators of Progresa
presented communities with the beneficiary list and allowed those communities to add house-
holds they thought had been unfairly excluded.

From this original beneficiary selection, roughly 52 percent of the original IFPRI sample
was classified as eligible for the program. However, due to a sense among program admin-
istrators that the original classification was unjustly biased against older respondents with
fewer children, the program underwent a “densification” process in which they added new
households to the list of beneficiaries (Skoufias et al., 2001). The densification increased the

proportion of eligible beneficiaries from 52 to 78 percent of the evaluation sample. Below,



we will estimate the program’s effects on Progresa’s originally targeted sample and leverage
the densification process to create an, albeit selected, subsample of those households who

were not originally targeted but did receive the program.

3.3 Previous Findings on Progresa’s Effectiveness

We conduct this ex-post targeting exercise on the Progresa sample for two reasons. The first
is the density and quality of data related to the intervention and the setting as a whole. We
will discuss this reason more thoroughly in Section 4.1. The second is due to the international
familiarity with the structure of the Progresa program. Progresa/Opportunidades/Prospera
is potentially the most closely studied social program in decades. Although we do not aim
in this work to make direct statements about the effectiveness of the program, our ability
to make statements about the link between targeting accuracy and program effectiveness
hinges on the strong effects found by others.

Given the size of this literature, it would be outside the scope of this work to describe
it holistically,> however, it is worthwhile to review some of the works related to the original
IFPRI evaluation, as we utilize data from this work.

Potentially the most well-known work related to Progresa, as it is taught in undergraduate
development classes, relates to the program’s impacts on child education, where Schultz
(2004) has shown that the program increased school enrollment and attendance in the short-
run. These effects are potentially linked to the program’s effects on child labor, where
Skoufias et al. (2001) show that children were less likely to participate in labor if their
mothers were enrolled in the program. In this work, we are interested primarily in how
targeting methods impact the antipoverty potential of social programs. As such, we report
the program’s effects on standard Foster-Greer-Thorebeck (FGT) poverty measures (Foster
et al., 1984) and on food consumption. As such, the work that relates most closely to ours
is Hoddinott and Skoufias (2004), in which they show that the program increased dietary
quantity, as measured by caloric intake, and dietary quality, as measured by dietary diversity.

It is rare that the literature on a program is as unilaterally supportive of its effectiveness
as the literature on Progresa is. For this reason, the program has served as the model for
conditional cash transfer programs in over sixty counties. It also makes the program an ideal

background for testing targeting methods.

3Interested readers should see Parker and Todd (2017) for a comprehensive review of the literature, and
Araujo and Macours (2021) for a look at the effects in the long term.
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4 Methods

4.1 Data

This work uses two household surveys administered by INEGI throughout the 1990s. The
first, the ENIGH instrument, is Mexico’s bi-annual nationally representative consumption
survey (INEGI, 2023). This survey is a standard household consumption survey conducted
on a repeated cross-section, is sub-nationally representative, and includes questions related
to household demographics, income, consumption, and assets. We will use this data to train
the multi-layer perceptron section of our mixed-data neural network described briefly in
section 1 and in-depth in section 4.2 below. We will also use this data to create a predictive
model of consumption using a standard proxy means test.

To create our models, we utilize data from the ENIGH surveys conducted in 1992, 1994,
1996, and 1998. Using surveys across multiple years to create our model creates the risk
of bias in our predictions if the samples across these survey waves exhibit changes in the
distribution of household consumption. We may naturally be “concerned” about consump-
tion growth due to economic development. However, given that this period saw the 1994
Mexican Peso Crisis, we may also be concerned that between 1992 and 1998, consumption in
Mexico’s rural communities decreased in real terms. To explore this possibility, we present
the distribution of household consumption in real terms across survey waves in Figure 1.
We see that, in real terms, there was remarkably little change in household consumption
across survey waves. This most likely reflects the relative stagnation that Mexico witnessed
throughout the 1990s and bodes well for our ability to concatenate data sets to increase the
sample size available to train our neural network.

In addition to the ENIGH surveys, we use the INEGI-collected ENCASEH survey, dis-
cussed briefly in section 3.2. The ENCASEH served as the baseline for the Progresa eval-
uation and collected information on household demographics, education, healthcare usage,
and income. The survey also included a consumption module. However, this module, unfor-
tunately, did not include a measure of auto-consumption, that is consumption of goods or
foods created or grown within the household. It is for this reason that Skoufias et al. (1999)
uses the 1996 ENIGH survey to compare Progresa’s true targeting to a proxy means test
targeting metric. In our context, this is important to note because, later, we will compare the
consumption predictions of our neural network and a proxy means test to the consumption
reported in the ENCASEH survey. As the ENCASEH consumption did not include auto
consumption, and the ENIGH survey did, it is natural to expect our predictions to be higher
than the reported consumption. Rather than a bias in our predictions, it is much more likely

that this difference represents the missing auto consumption in the ENCASEH sample.
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Figure 1: ENIGH Consumption Across Survey Waves
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Notes: Figure shows estimated real log consumption per survey year using data from ENIGH surveys. The
left-hand (grey) side of each line is estimated distribution of consumption in rural areas; the right-hand (red)
side is the estimated distribution of urban areas. Real consumption is calculated using Mexican price indices
from the St. Louis Federal Reserve Economic Database (FRED)

Finally, to create the CNN portion of our mixed-data neural network, we utilize data
from Google Earth Engine to match images to households at the village level (Gorelick
et al., 2017). The images that we take from the database are generated by three separate
satellites. The first, NASA/USGS LANDSAT, creates a database of hyper-spectral imagery
over an area. The second, the MODIS satellite, creates a vegetation and rangeland conditions
database, measured as a composite index called the Normalized Dense Vegetation Index
(NDVI). Finally, we utilize images from the DMPS-OLS database to capture information on
night light intensity within a given area (Zhao et al., 2022). The images we pull are a 3-year
composite over a 255X255 pixel area centered on the relevant survey year. We match these
images to localities using geographic coordinates®® provided by INEGI. The images that
we use within our network consist of 9 layers. These layers include RBG spectral imagery,
infrared imagery, Night light intensity (by pixel), and NDVI (by pixel). An example of the

images we use within our network can be found in Appendix A for an anonymized locality

4The coordinates used to match images are not publicly available for privacy reasons and cannot be
accessed outside of the INEGI microdata laboratory in Mexico City. Thus, a replication package cannot be
provided for this work, but the analysis files used are available upon request from any researcher with access
to the laboratory.

SWe begin with a total sample of 48,301 households across the ENIGH waves. For 2,120 (4.3 percent),
we cannot identify the municipality code for the household. For another 1,582 (3.2 percent), we do not
observe a geographic coordinate for their municipality code. This results in a total sample of 44,599 ENIGH
households matched to satellite imagery.
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within the Progresa sample.

4.2 Methods
4.2.1 Targeting Methods

There are many versions of the proxy means test, but all share a general procedure. In
most cases, a detailed household consumption survey is used to create a predictive model of
per-capita or per-adult equivalent consumption. Traditionally, this model is built using OLS
linear regression. This model is then projected to a larger administrative dataset, such as a
household census or social registry, which has a higher coverage rate but does not contain
detailed data on consumption. The predictions from this PMT model are then often used to
target social programs or select benefit recipients. In this paper, we follow this methodology
and build a predictive model of adult-equivalent consumption at the household level using
the repeated cross-section of ENIGH surveys described in section 4.1. We then extend the
models to data from the ENCASEH survey to conduct our ex-post targeting exercise of
Progresa. We use two methodologies to create our predictive models. In the first, we match

the standard OLS version of the PMT. Here, we model consumption using the model:
LN(CM) = a+ Xif1 + Zifo + WiBs + & (2)

Where CAF represents adult-equivalent consumption, X; is a vector of household demo-
graphic characteristics, Z; is a vector of household structure characteristics, and W; is a
listing of household assets.® We include a more detailed description of these characteristics,
including summary statistics and a correlation mapping, in Appendix B.

In the second method, we utilize a mixed-data neural network to improve the model’s
predictive accuracy. By mixed data, we mean that the network takes two data types as
inputs, household survey data from the ENIGH surveys and image data from Google Earth
Engine, as described in section 4.1. Our network has two branches, the structure of which
is described in figure 2. In the first branch, we pass the characteristics described above
through a standard artificial neural network (ANN) consisting of 3 layers, with one hidden
layer. This simple model architecture was selected through hyperparameter tuning and likely
reflects that there are few non-linearities relating our ENIGH characteristics to household

consumption.

6We acknowledge that by including household assets in our predictive model, we likely eliminate the
possibility of extending the model to a household census. However, that information is likely included in
many social registries, and in this work, we are interested in understanding how targeting, under ideal
conditions, impacts program effectiveness.
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In the second branch, we follow Yeh et al. (2020) and utilize a ResNet-18 model architec-
ture for our CNN (Chandola et al., 2021). This model has 72 layers with 18 hidden layers.
The residual blocks” allow us to create a deep network while minimizing the risk of overfit-
ting and reducing training time. Our model concatenates the weights from these branches
and passes them through one fully connected layer to produce a final prediction.

We train our model using an ADAM optimizer and a batch size of 64. We train on 100
Epochs. However, we allow for early stopping.

While increasing the predictive accuracy of the PMT will surely improve the targeting
performance of the algorithm, Brown et al. (2016) have shown that PMT algorithms perform
particularly poorly towards the endpoints of the consumption distribution. This is likely
because households look very similar in characteristics on the lower end of the distribution.
At the same time, any program that uses a PMT targeting method must have a cutoff. It is
reasonable to believe that there is little heterogeneity in program effectiveness for households
in the neighborhood of this cutoff. Therefore, a policymaker looking to maximize program
impact may be willing to sacrifice precision near the targeting cutoff for improved accuracy
among households towards the endpoint of the consumption distribution. For this reason,
we complement our standard OLS and neural network models with what we refer to as a
“distance-weighted” model. In these models, we weight observations with a triangular kernel
over percentile rank centered at the median such that the objective function can be thought

of as:
I

f=min 3 (5~ XiBPln, — 0 3)
where p,, is the percentile of household i’s consumption. This model is similar to the poverty-
weighted model presented in Brown et al. (2016) except that it attempts to limit program
leakage by overweighting both poor and wealthy households rather than just those that are

poor.

4.2.2 Progresa Effects

In section 5.1 we present an evaluation of the models presented above. We then use these
algorithms to predict the adult-equivalent consumption of households within the initial Pro-
gresa evaluation sample. In doing so, we are interested in knowing how the program’s
effectiveness would have been different if the program had been targeted at a household level

using one of our PMT algorithms.® As such, we match the original Progresa program density

7A residual block is a set of layers that can be circumvented if the back-propagation algorithm training
the network determines that there is nothing additional to be learned through the layers

8We discuss in section 5.1 that we only conduct this exercise using the standard PMT and the predictions
created by the “distance-weighted” version of our neural network
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Figure 2: Neural Network Model Architecture
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Notes: Figure represents the model architecture of the mixed-data neural network used to re-target the
Progresa program. S represents the stride length of the convolutions within the CNN branch, P represents
the padding added to images during each layer.
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and consider a household to be “targeted” by a given method if their predicted consumption
falls under the 52"¢ percentile of the predictions.

We classify households into one of four groups by comparing each targeted sample with
Progresa’s original targeting. Households are considered “always included” if they were
included in Progresa’s original targeting and are included in the relevant method’s targeted
sample. Conversely, the “always excluded” sample is composed of households excluded from
Progresa and are excluded by the relevant method. What we refer to as the “leakage”
sample comprises households included under Progresa’s targeting scheme but should not
have been according to the PMT targeting method. Finally, households that did not receive
the program but should have according to the method in question makeup what we refer to
as the “under-coverage” sample.

In this paper, we are interested in the heterogeneous treatment effects between the groups
outlined above, particularly the “always included”, “leakage”, and “under-coverage” samples.
Identifying the effects of the program within the “always included” and “leakage” samples
is straight forward, as these households were included in Progrsa’s original targeting and
received the program outright. To identify the effects in the “leakage sample”, we leverage
the densification process and consider the treatment effects on households at the intersection
of this densification and our targeting assignments. These households were not included in
the original recipient selection of Progresa but still received the program, allowing us to
identify the effect in the “under-coverage” sample.

Leveraging the densification process poses two challenges to comparing effects across
groups. First, we know that the process was designed to include older households and those
households with fewer children. This means the sample who received transfers is a biased
subset of the full “under-coverage” sample. For this reason, we control for household size
and the age of the head of household in the regressions below. More pressing is the issue of
treatment fidelity. According to Skoufias (2005), of the 3,350 households that were eligible
for the program but never received transfers, 85.7 percent (2,872 households) were part of
the densification process. To cope with this issue of treatment fidelity, we estimate the local
average treatment effect within each group by instrumenting for program participation with
treatment assignment at the village level”

To conduct our heterogeneous analysis, we utilize household data collected as a part of

9There is also the issue of program exposure as households enrolled as part of the densification process
may have begun receiving the transfers later than those in the originally targeted sample. Indeed, payment
data associated with the program indicated that payments in densification households began four months
after the program’s roll-out. However, payment records indicate that all households who would eventually
receive a transfer were enrolled by December 1998, six months before the first evaluation survey used in our
pooled analysis.
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the original program evaluation and estimate a pooled regression of the form:
}/;',U,S =a+ 5ﬁ,v + X'ﬂ/ + PU(S + gi,v,s (4)

where Y; represents the outcome of interest for household ¢ in village v during survey wave
510 T, represents the program participation of household i, instrumented by the treatment
assignment of village v. X; is a vector of pre-program characteristics at the household
level'! P, is a vector of locality-level food prices.'? Finally, €;, is an idiosyncratic error
term clustered at the locality level, the same level as treatment assignment.

We test equation 4 on the full Progresa sample, the always-included, leakage, and under-
coverage samples for the standard PMT and distance-weighted network versions of our tar-
geting metrics. We also report p-values associated with the hypothesis that the treatment
effects are equal across these groups. We conduct these tests on two sets of outcomes. First,
we replicate the results from Hoddinott and Skoufias (2004) on mean caloric availability in
household diets, and more specifically, calories from grains, vegetables, and animal-sourced
foods.!® In the second, we report the treatment effects on poverty measures in the Foster
et al. (1984) tradition'*

5 Results

5.1 Model Performance

We begin our exploration of targeting effectiveness by reporting the performance of the
standard PMT and our adjusted methods on out-of-sample ENIGH households. Put more
simply, Table 1 reports the performance of our targeting methods on ENIGH observations
that were not input into the model for training and were kept aside for evaluation. We present

the R? associated with each model and the targeting performance on two separate poverty

10T this analysis, we utilize data from the Encuesta Evaluation de los Hogares (ENCEL) household surveys
conducted in June 1999 and November 1999

' These characteristics include log household size; proportions of children 0-2, 3-5; boys 6-7, 8-12, 13-18;
girls 6-7, 8-12, 13-18; women 19-54; men 55 and older; women 55 and older); characteristics of the head
(education, age, occupation, ethnicity, marital status, gender)

2]ocality-level prices include tomatoes, onions, leafy vegetables, orange, tortillas, corn, milk, white bread,
local bread, rice, beans, chicken, and eggs.

13Tn their analysis, Hoddinott and Skoufias (2004) report Progresa treatment effects across survey waves.
Here, we pool our analysis across the June 1999 wave and November 1999 wave to ensure adequate statistical
power to detect differences across groups. We also restrict our analysis to households classified as poor before
Progresa’s densification process. For this reason, our results differ from the results in Hoddinott and Skoufias
(2004) in both sample size and value.

“For these measures, we use the minimum cost of a standard food basket from Skoufias et al. (1999) of
320 Pesos per adult equivalent per month in nominal terms as the poverty line.
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lines. In the more restrictive case, we set the poverty line at the consumption level of the
20" percentile. We also report performance on a more inclusive 40" percentile cutoff. The
results presented here are accompanied by scatter plots of true versus predicted consumption

levels for each model in Appendix C.

Table 1: ENIGH Out-of-Sample Model Performance

Standard OLS Distance-Weighted OLS = Standard Neural Network Distance-Weighted Neural Network

R-Squared 0.599 0.579 0.630 0.617
Percent Predicted Poor
20% Threshold 14.7% 19.8% 15.0% 18.7%
40% Threshold 35.6% 38.1% 34.7% 41.6%
Correctly Included (As a % of Actual Poor)
20% Threshold 53.9% 64.9% 55.9% 64.7%
40% Threshold 70.6% 73.4% 70.0% 78.1%
Inclusion Error (As a % of Inclusion)
20% Threshold 27.2% 34.9% 26.2% 31.3%
40% Threshold 22.2% 24.5% 21.1% 26.5%

“Percent predicted poor” represents the number of households predicted to be under the relevant thresh-
old as a proportion of the total sample. “Correctly included” represents the proportion of households
predicted to be under the relevant threshold as a proportion of the households under that threshold.
“Inclusion error” represents the proportion of households incorrectly predicted to be under the threshold
as a proportion of all households predicted to be under the threshold.

We see that across our models, we can explain more than half of the variation in out-of-
sample consumption. Our models each display an R? of between 0.58 and 0.63. Compared
to the model performance from Yeh et al. (2020), which reports an R? of 0.67 at the village
level using a CNN, we consider 0.63 at the household level to be a strong performance. We
observe that there are gains to utilizing our neural network and including image data, but
they are small, an increase of just 3.1 percent of variation explained in the unweighted case.

We observe potentially large gains from the inclusion of the percentile weights. We see
that the distance weights make the targeting more inclusive for both the OLS and neural
network models. This naturally means that more people are correctly classified as poor, but
it comes with tradeoffs in terms of inclusion error. However, we see that in the case of the
neural network, the distance weighting increases correct inclusions by 10.8 percent over the
standard PMT while only increasing inclusion errors by 4.1 percent. For this reason, we
consider the distance-weighted neural network our model of choice and limit our analysis of
Progresa outcomes to this model and the standard version of the PMT.

Armed with our preferred model, we extend our predictions to the ENCASEH survey.
Figure 3 reports the distributions of our model’s predictions against the truly measured
consumption in the ENCASEH survey. Two things are worthy of note here. First, we see
that our predicted distributions are biased upward for both models compared to the true

consumption. This likely reflects the lack of auto consumption included in the calculation of

18



consumption from the ENCASEH survey. It may also, in part, reflect that the Progresa com-
munities were specifically selected for their low socio-economic status, whereas the ENIGH
surveys are nationally representative. Second, we see that this bias is smaller in the case of
the distance-weighted neural network. This is likely a reflection of the fact that this model
places greater weight on poorer households that bear greater resemblance to the ENCASEH

households.
Figure 3: Predicted vs. True ENCASEH Consumption
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Notes: Figure displays the distribution of log per-capita consumption for the sample i) calculated from the
ENCASEH survey (blue line); ii) predicted using our preferred method, a distance-weighted neural network
(green line); and iii) standard OLS PMT (red line)

While the comparison of distributions is interesting, as the program is targeted based
on a poverty line, households are targeted subject to their position relative to others. As
such, we are interested in how well our algorithms predict household ranking. In Table 2, we
present the Spearman rank correlation coefficients between our measures and the ENCASEH
measure of consumption. To understand how our methods compare to Progresa’s original
targeting methodology, we also include the marginality index discussed in section 3.2.

Table 2 suggests that our targeting methods significantly outperform the marginality
index used to originally target the program and are themselves highly correlated. In terms

of correlation with true consumption, we see that the models perform similarly, and the
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standard PMT slightly outperforms our preferred model. However, as the ENCASEH survey
does not include auto consumption, it is unclear how closely the estimates in Table 2 relate
to the rank correlations with a more full measure of household consumption and how much

weight we should place on small differences.

Table 2: Progresa Consumption Rank Correlations

True Consumption Marginality Index Standard OLS Distance-Weighted Neural Network

True Consumption 1
Marginality Index -0.2516 1
Standard OLS 0.4991 -0.3817 1
Distance-Weighted Neural Network 0.4557 -0.4032 0.9175 1

Notes: Coeflicients represent the Spearman rank correlation coefficients between the level of consumption
reflected in the ENCASEH survey and the levels predicted by various targeting methods.

Finally, after classifying households using our predicted consumption levels, we can com-
pare measured consumption levels across the four types of samples that we described in sec-
tion 4.2.2. In Figure 4, we display the distribution of consumption in these groups for both
of our reported measures. Two observations are important from this figure. First, each set is
non-empty, implying that our methods differ from Progresa’s original targeting. Second, for
both panels, we see that the distribution in the leakage sample dominates the distribution
of consumption in the under-coverage sample. This implies that by applying our PMT-style
targeting methods, we include poorer households that were originally excluded and exclude
wealthier households that were originally included. If we believe that anti-poverty programs
are more effective in poorer households, this may suggest a program targeted with our meth-
ods may have larger effects than one targeted using Progresa’s marginality index. For further
clarity, in sections 5.2 and 5.3, we compare the effects of Progresa among households that

make up the blue distribution to those that make up the green and yellow distributions.

5.2 Progresa Effects: Results on Diets

We begin our analysis of the Progresa effects across groups by looking at the effects on diets.
Table 3 reports these effects for the full Progresa sample, the correctly included, leakage, and
under-coverage samples for the standard OLS and distance-weighted neural network models.

First, we observe that in line with Hoddinott and Skoufias (2004), there are large dietary
improvements associated with Progresa participation. Looking at the differences between the
correctly included and leakage samples for each of our models, we observe small differences
in point estimates across outcomes. First, we see that the effect sizes for both targeting
methods are larger in the always-included sample than in the leakage sample. Although we

cannot reject the hypothesis of equality of coefficients for any of these outcomes, We see
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Figure 4: Leakage and Under Coverage across Targeting Methods
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Notes: A comparison of predicted log real per-capita income for both standard OLS PMT (left) and our
distance-weighted neural network model (right) for four sub-groups: those included in both the full Progresa
sample and the targeting method (blue); those included in the Progresa sample but deemed ineligible in
the targeting method (green), those excluded from Progresa but deemed eligible by the targeting method
(yellow), and those excluded from Progresa and deemed ineligible by the method (red)

that the differences are largest for animal-sourced foods. This result is intuitive because
we see from Figure 4 that the always included sample makes up the poorest household in
the program, and demand for animal-sourced foods is likely to be the most elastic of all the
groups tested as these foods act as a luxury good in households’ utility functions, while other
types of foods act as normal goods. While these differences are modest and only comprise
one component of a healthy diet, they nonetheless suggest that gains are associated with
improved targeting. This may be particularly true for households with young children, as
animal sources foods contain large amounts of Choline, a vital nutrient for bone formation
and cellular growth.

The results for the under-coverage sample are less straightforward. Here, we observe the
largest increases in caloric intake and see that those changes are driven largely by increases
in calories from grains. Conversely, we observe mixed results for animal-sourced foods and
the smallest improvements in the consumption of vegetables. While the p-values for the
test of equality with the leakage sample are borderline for grains and calories, these results
suggest that there may be modest gains associated with improving program targeting on the
margins. It may also suggest that these gains are centered around dietary quantity rather

than dietary quality.

5.3 Progresa Effects: Results on Poverty

Although the quality of diets and nutrition generally makes up one of Progresa’s stated

goals (the others being education and health), the program was designed primarily as an
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Table 3: Progresa I'TT Effects on Calorie Intake Across Targeting Samples

Standard OLS Distance Weighted Nerual Network
(1) @) (3) (4) Differences (5) (6) (1) Differences

Full Sample  Always Included  Leakage  Undercoverage  (2)-(3) (3)-(4) (2)-(4) Always Included  Leakage ~ Undercoverage  (5)-(6) (6)-(7) (5)-(7)

LN(Total Calories) 0.0514%* 00557 0.0401%%F  0.0819%F 028 006  0.16 0.05229F%  0.0504%FF 00721 090 033  0.32
(0.00828) (0.00899) (0.0138) (0.0197) (0.00896) (0.0134) (0.0211)

LN(Calories from Grains) 0.0322%* 0.0369% 0.0164 00812°F 032 002  0.06 0.0304%* 0.0341 0.0825%% 085 011 004
(0.0122) (0.0122) (0.0215) (0.0250) (0.0124) (0.0212) (0.0283)

LN(Calories from Animal Sourced Foods) — 0.174* 0.200%* 0.122%%% 0.200%% 011 035 092 0.207% 0.115%% 0.0807 006 071 014
(0.0462) (0.0518) (0.0463) (0.0970) (0.0504) (0.0483) (0.0994)

LN(Calories from Vegetables) 0.344%5% 0.353%%* 0.335%%F  0.265%%* 067 032 017 0.362+* 031975 0.249%%F 028 029 008
(0.0371) (0.0420) (0.0390) (0.0679) (0.0413) (0.0374) (0.0679)
Observations 15142 11395 3747 2460 11594 3496 2323

Notes: Columns (1) - (7) represented the estimated Progresa ITT effect within the stated sample. P-
values of the test of equality between the coefficients accompany the main ITT estimates. Household
controls include log household size; proportions of children 0-2, 3-5; boys 6 7, 8-12, 13—18; girls 6-7, 8-12,
13-18; women 19-54; men 55 and older; women 55 and older); characteristics of the head (education,
age, occupation, ethnicity, marital status, gender). Price controls include the village-level prices for
tomatoes, onions, leafy vegetables, orange, tortillas, corn, milk, white bread, local bread, rice, beans,
chicken, and eggs.

anti-poverty intervention. As such, we may be most keenly interested in the program’s effects
on poverty measures and how this effectiveness is impacted by the method used to target
the program. As such, we report the effects of Progresa on FGT-style poverty measures in
Table 4. This table follows the same structure as Table 3. Again, we find large impacts of
Progresa on the full sample. We see that households assigned to a treatment village were 2.6
percentage points less likely to have consumption below the poverty line, accompanied by a
decrease of 35.41 pesos in the poverty gap and 18461.4 pesos? in poverty intensity. We see
that the reduction in the poverty headcount is largest in the leakage sample, although these
differences are not statistically significant at the 5% level. This likely reflects that households
in the leakage sample were closer to the poverty line in the pre-program period and, thus,
more likely to be pushed over the threshold by the program. This reflects an interesting
paradox in which poorly targeted programs may look more effective if only measured through
the lens of poverty rates.

This relationship flips when looking at more detailed measures of poverty. While the
decrease in the poverty gap is nearly identical across the always-included and leakage samples,
we see that the always-included sample displays a larger decrease in poverty intensity than
the leakage sample.

Curiously, we see that the under-coverage sample displays the smallest point estimates
across outcomes. While it is unclear why we might observe the smallest effects among these
households, it may relate to program exposure and the timing of the cash transfers. As the
households in the under-coverage sample began receiving their transfers at least four months
after the other samples, it is possible the effects had not fully passed through to consumption
by the time of the survey.
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Table 4: Progresa I'TT Effects on Poverty Measures Across Targeting Samples

Standard OLS Distance Weighted Nerual Network
(1) (2) (3) (4) Differences (5) (6) (7) Differences
Full Sample Always Included ~ Leakage  Undercoverage (2)-(3) (3)-(4) (2)-(4) Always Included ~ Leakage  Undercoverage (5)-(6) (6)-(7) (5)-(7)

Poverty Headcount — -0.0275%+* -0.0232%%* -0.0460*+* -0.0148 0.18 0.21 0.70 -0.0252%#* -0.0477+F* -0.00194 0.15 0.08 0.33
(0.00798) (0.00673) (0.0173) (0.0220) (0.00727) (0.0158) (0.0242)

Poverty Gap -44.12%F* -45.43%%% -44.39%F* -26.06** 0.87 0.12 0.09 -45.93%+* -47.18%%* -24.33** 0.84 0.05 0.06
(5.281) (5.498) (6.493) (12.23) (5.462) (6.040) (12.18)

Poverty Intensity — -23735.4%%* -25858.4%** -19526.5%%* -14325.1%* 0.04 0.39 0.06 -25999. 7% -20968.7*¥* -14443.6** 0.09 0.26 0.05
(2776.5) (3087.3) (2650.4) (6367.5) (3014.7) (2526.7) (5918.9)

Observations 15142 11395 3747 2460 11594 3496 2323

Notes: Columns (1) - (7) represented the estimated Progresa ITT effect within the stated sample. P-
values of the test of equality between the coefficients accompany the main ITT estimates. Household
controls include log household size; proportions of children 0-2, 3-5; boys 6 7, 8-12, 13—18; girls 67, 8-12,
13-18; women 19-54; men 55 and older; women 55 and older); characteristics of the head (education,
age, occupation, ethnicity, marital status, gender). Price controls include the village-level prices for
tomatoes, onions, leafy vegetables, oranges, tortillas, corn, milk, white bread, local bread, rice, beans,
chicken, and eggs.

6 Discussion

In this work, we have aimed to leverage recent advances in machine learning to improve
traditional methods of program targeting. Motivated by Yeh et al. (2020), we have combined
the traditional proxy means test with a convolutional neural network that allows us to
incorporate satellite imagery, thus allowing us to incorporate information that is not readily
available in traditional surveys. We have also adjusted our algorithms to place greater weight
on households at the endpoints of the consumption distribution. The result is a preferred
algorithm that is slightly more precise than the standard PMT but is substantially more
inclusive of poor households, with limited trade-offs in terms of program leakage.

We test the value of this new algorithm and the standard proxy means test by conducting
an ex-post targeting exercise of the Progresa cash transfer experiment. In this exercise, we
compare the sample of households that would have been targeted under consumption-based
targeting methods to the true targeted sample created using an index of marginality at the
community level. We show that consumption-based methods target a sample of households
that is poorer than those targeted by Progresa’s original method. At the intersection of these
targeted groups, we leverage a randomized experiment to test the effects of Progresa among
households who are always included and those who received the program but should not have.
We also leverage a second targeting exercise to test the program’s effects in a sample not
included under Progresa’s original method but still received the program as they would have
under a consumption-based method. We show that the heterogeneous effect sizes across the
groups are similar for most dietary and poverty outcomes. However, there is evidence that

households included in both consumption-based and marginality-based methods benefited
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more from the program than those that should have been excluded in terms of consumption.
These improved benefits relate to the consumption of expensive calories and the intensity
of the poverty they face. These differences are particularly pronounced when studying the
group targeted by our preferred distance-weighted neural network algorithm. The results we
observe across the leakage and under-coverage samples are more mixed. On the one hand, we
find larger gains in food consumption in the under-coverage sample. However, these results
are reversed for FGT poverty measures.

Our results suggest that in terms of pure targeting metrics, there are modest gains
to be made to traditional targeting methods by utilizing machine learning methods and
incorporating data, such as satellite imagery, that have been previously underutilized. They
also suggest that improved program targeting improves social protection programs’ measured
effects. However, the differences are modest and only exist on margins where programs have
the potential to make the largest improvements.

This work has several limitations. First, what we refer to as our "under-coverage” sam-
ple has several differences in treatment implementation from our other samples. While we
attempt to address these differences by controlling for explicit differences and forgoing the
intent-to-treat estimation for the local average treatment effect, we cannot completely rule
out the possibility that differences in implementation drive the differences we observe with
this sample. Second, as we do not have precise and disaggregated data on the costs of sur-
veying or the server costs associated with implementing our algorithms, we cannot make
statements about the cost-effectiveness of the modest improvements in program effect sizes
that we observe as a result of improved program targeting. Ideally, this work would provide
a justification for a randomized control trial testing the impact of targeting methodology on
program effectiveness.

Our results contribute to a large literature on program targeting, specifically how to
improve existing methods and how these improvements translate to program effects. There
are a large number of non-measurable costs associated with the methods we have used
here. Not the least, the lack of transparency these methods provide program recipients and
the difficulty of their implementation. There are equity concerns associated with accurate
program targeting that are beyond the scope of this paper. However, for a policymaker
seeking to maximize program impacts and cost efficacy, our results highlight the need for a
more careful analysis of the trade-off between targeting accuracy and the resources dedicated

to selecting program recipients.
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A Appendix A: Example Images

Figure Al: Example satellite images

200

Notes: This figure displays satellite images from one randomly selected village in the sample. Going from left
to right and from top to bottom, the bands are Blue surface reflectance, Green surface reflectance, NDVI,
Near infrared surface reflectance, Red surface reflectance, Shortwave infrared surface reflectance 1 (1.55-1.75
um), Shortwave infrared surface reflectance 2 (2.08-2.35 um), Brightness temperature, and Nightlights
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B Appendix B: ENIGH Description

Figure B1: ENIGH Feature Correlations

ENIGH Consumption Correlation Heatmap
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C Appendix C: Model Performance

Figure C1: ENIGH Model Prediction Scatter Plots

Standard OLS

Poverty Status
1 *  Not Poor
e  Poor

Predicted Per-Capita Consumption

Per-Capita Consumption

Standard Neural Network

Predicted Per-Capita Consumption

Per-Capita Consumption

Distance-Weighted OLS

Predicted Per-Capita Consumption

Per-Capita Consumption

Distance Weighted Neural Network

Predicted Per-Capita Consumption

Per-Capita Consumption

Notes: Scatter plots of true vs. predicted per-capita consumption. Axis lines denote the poverty line —

bottom left quadrant are the predicted and truly poor;

top left are truly poor but predicted non-poor; top

right are truly non-poor and predicted non-poor; bottom right are truly non-poor but predicted poor.
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