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Abstract 

For policy purposes, it is important to understand the relative efficacy of various methods to 

target the poor. Recently, participatory methods have received particular attention. We exam-

ine the effectiveness of a hybrid two-step process that combines a participatory wealth ranking 

and a verification household survey, relative to two proxy means tests (the Progress out of Pov-

erty Index and a housing index), in Honduras and Peru. The methods we examine perform simi-

larly by various metrics. They all identify most accurately the poorest and the wealthiest house-

holds but perform with mixed results among households in the middle of the distribution. Ulti-

mately, given similar performance, the analysis suggests that costs should be the driving con-

sideration in choosing across methods. 
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1 Introduction 

Effectively identifying the appropriate recipients for aid programs is critical in order to max-

imize social impact with scarce resources. The erroneous inclusion of a household that is not 

part of the target population generally means resources wasted. Yet effective targeting is not 

costless. In theory, the economics are straightforward: screen such that the marginal cost of 

screening out the marginal ineligible participant is equal to the wasted resources transferred as 

a result of mistargeting. 

Yet targeting poor households is difficult because the criteria for eligibility may be hard both 

to define and to verify. As there is no single defining characteristic of poverty, criteria for eligi-

bility tend to be multidimensional and subject to much debate. Poverty lines based on per capi-

ta income or expenditure are often used, but it is also well recognized that they have limita-

tions and represent a simplification of what it means to be poor (Ravallion 1998; Bebbington 

1999; Alwang, Siegel, and Jorgensen 2001).    

Once the relevant criteria are defined, verifying that certain households meet those criteria 

poses its own challenges. Measuring income for poor families, for example, is notoriously chal-

lenging: it derives mostly from informal sources and is often in kind rather than monetary (Dea-

ton 1997). Verification may be further complicated when respondents, wishing to participate in 

the program, perceive an incentive to misreport information. Such challenges may create a 

trade-off between accuracy and cost in identifying eligible households.  

The challenges of verification require cost-effective solutions to targeting particular house-

holds. Three methods have been broadly proposed as solutions (Coady, Grosh, and Hoddinott 

2004). First is geographic targeting, which uses national or regional poverty maps to select eli-

gible households by region. While typically less precise relative to other methods, geographic 

targeting may suffice as an inexpensive and quick method in certain circumstances. Even when 

other selection methods are used, geographical targeting is often applied as a first filter. A sec-

ond method is a proxy means test (PMT), in which field workers collect demographic, asset or 

housing information that can be used to approximate a household’s poverty status. Compared 

to measurements of income or consumption, the inputs required for a PMT are both quicker to 

collect and easier to verify. However, for any PMT there is a substantial risk of targeting error. 

Moreover, PMTs typically lack transparency, potentially leading to accusations of favoritism or 

incompetence, which could undermine the legitimacy of the program. A third method is selec-

tion by village members themselves. The criteria for selection can range from nomination by 

local leaders to ranking through a Participatory Wealth Ranking (PWR). A PWR invites village 
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members to rank members of their community according to poverty levels. The poorest mem-

bers, typically, are then eligible for the program. The increasing popularity of PWRs reflects a 

broader trend towards Participatory Rural Appraisals (PRAs) to collect information and design 

aid programs (Chambers 1994). Such participatory processes have the advantage of transpar-

ency and the incorporation of local knowledge, which is likely to be more precise than a PMT. 

On the other hand, there are a number of reasons why a PWR may not work well in practice. 

Local elites may manipulate the participatory process in order to include themselves, their fami-

ly or members of a particular group. Moreover, local definitions of poverty may differ from the 

criteria of the program implementer.   

We examine the effectiveness of a three-step “Targeting the Ultra-Poor” (“TUP”) process 

relative to other methods in two different contexts, Honduras and Peru. The TUP method com-

bines geographical targeting, PWRs and PMTs; we concentrate especially on steps two and 

three in this paper. The process was used to determine eligibility for the CGAP-Ford Foundation 

Graduation Program, a multi-faceted livelihood program evaluated in six countries (the two 

here, plus Ethiopia, Ghana, India and Pakistan). The average impact across all six sites was 

strong on almost all outcomes (consumption, income, assets, mental health, etc), although the 

Honduras site did not generate the same consistent positive impacts. The impact evaluation is 

reported in Banerjee et al (2015). In Gracias, Honduras, the program was implemented in 2008 

by Plan International Honduras and ODEF Social. In Cusco, Peru, the program was implemented 

in 2010 by Plan International Peru and Asociación Arariwa. The programs aim to tackle extreme 

poverty by combining an asset transfer (livestock, e.g.) with training, cash transfers, and health 

services. 

In both countries, the first step used geographical targeting. The intervention area was de-

termined by the local organizations’ area of operations and reference to regional poverty maps; 

villages were then selected using a simple scorecard. This paper does not evaluate the accuracy 

of this first step of identifying the broad geographical areas. The second and final steps, the 

focus of our analysis, was a PWR in the villages to determine the poorest households, and then 

a verification survey by the NGO that confirmed program eligibility and basic economic status 

questions. Our analysis uses data from a detailed household survey that was administered after 

the targeting process. The survey included the selected (i.e., identified as ultra-poor) house-

holds, as well as a random sample of non-selected (“excluded”) households in the same village. 

In Honduras, 423 selected and 637 excluded households were surveyed in 15 randomly select-

ed villages; In Peru, 470 selected and 537 excluded households were surveyed in 21 randomly 

selected villages.  
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Section 2 of the paper describes the program and the targeting process in both sites. The 

sample and data used for the subsequent analysis are described in Section 3. Section 4 com-

pares the selected and excluded households at each stage in the targeting process across a 

range of variables in each country. Section 5 compares the accuracy of the TUP targeting pro-

cess to two simple PMTs – a housing index and the Progress out of Poverty Index (PPI) – first 

using per capita consumption as a benchmark of true poverty and then looking at an asset in-

dex as a benchmark. Section 6 compares the performance of the TUP targeting process, the 

housing index and the PPI using other metrics of poverty such as assets and vulnerability. Sec-

tion 7, examines the characteristics that predict a household’s ranking in the PWR in a regres-

sion framework. Finally, section 8 summarizes our results and discusses the policy implications. 

2 The targeting process 

2.1 The CGAP-Ford Foundation Graduation Program in Honduras and Peru 

The Graduation Program aims to help the poorest families “graduate” from extreme pov-

erty within a 24-month period. The program targets the most extreme poor with a multi-

faceted program with six elements: productive asset transfer, consumption support in the short 

term, access to savings services, skills training, household visits with coaching support, and 

health services or products. Six randomized trials were conducted in a coordinated effort 

(Banerjee et al. 2015). In two of these sites, Honduras and Peru, we built in additional data col-

lection from the entire village, not just the identified participants, in order to analyze the tar-

geting process. 

The Honduras program is operated by Plan International Honduras and a local microfinance 

institution, ODEF Social, in the northern districts of Lempira department. Lempira was chosen 

as the intervention zone because of the high incidence of extreme poverty and because Plan 

already had projects in the area. The Peru program is operated by Plan International Peru and a 

Cusco-based microfinance institution, Asociación Arariwa, in two southern provinces of the 

Cusco department, Canas and Acomayo. As in Honduras, the intervention zones were selected 

according to poverty indicators and the existing presence of the local organizations. 

In both sites, the program implementers first selected the poorest 80 villages in the inter-

vention zone.1 In Honduras, the Plan team already had considerable experience working in the 

                                                      
1 In Peru, an additional six villages were later added, bringing the total to 86. 
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area and selected the villages based on their prior observations and perceptions. In Peru, where 

prior knowledge of the project zone was more limited, the Plan team selected villages based on 

a simple scorecard that assessed access to basic services like roads, electricity, water, educa-

tion, and healthcare. Thus village size was not considered directly, and villages that were on 

average lacking basic services were systematically included in the target.  

Within selected villages, households were chosen using a two-step process. The first step 

was a PWR to which all village members were invited, which is described in Section 2.2. House-

holds selected in this step progressed to the second step, a short verification survey applied by 

Plan field workers that was used to confirm eligibility according to criteria described in Section 

2.3. For program impact evaluation, the villages were then randomly assigned to treatment and 

control groups; within treatment villages selected households were also randomly assigned to 

treatment and control groups.  

2.2 The participatory wealth ranking 

All village members were invited to attend the PWR, which followed the geographical selec-

tion of eligible villages. In Honduras, the invitation was sent through local schools. The students 

informed their parents of the meeting that would take place in the school the following day. In 

Peru, Plan field workers went to each village a month prior to the meeting to set a date and 

invite participants. In both countries, field workers stressed the importance of a high level of 

participation and the attendance of women as well as men. In Peru, field workers would go 

ahead with meeting if more than 50% of households were represented, which, in most of the 

villages of the zone, is the established threshold at which communal decisions can be taken; in 

Honduras, the threshold was lower. Monitoring visits conducted by our research assistant at 

five of the meetings in Peru suggest that male participants typically outnumbered female par-

ticipants by about three to one, although in other cases only women participated due to a mis-

understanding of the meeting’s aims. Comments from participants indicated that those who 

lived furthest away, typically the poorest households, were underrepresented at the meetings. 

While there is a risk that such households were less likely to be correctly identified as ultra-

poor, there is nothing that suggests they were at any greater risk than other households not 

present, particularly if common knowledge of their poor welfare was expressed in the meet-

ings. However, with the goal of representative attendance at meetings, extra costs may be nec-

essary in the future to ensure high participation of households living furthest away from meet-

ing locations.  
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Each village PWR meeting was run by three field workers in a common area of the village, 

and lasted between two and three hours. In Honduras the meetings were conducted in Spanish, 

while in Peru most meetings were conducted in a mix of Quechua and Spanish, with some field 

workers speaking more in Quechua and others more in Spanish. The monitoring visits in Peru 

suggested that the level of participation, particularly among women, was higher when the 

meeting was predominately conducted in Quechua. After a brief introduction to the imple-

menting organizations and the targeting process, participants prepared a sketch map of the 

village.2 The map included landmarks such as roads, rivers, the school, village hall and different 

neighborhoods. In Honduras the facilitator attempted to engage all members, but in practice 

only two or three people tended to participate in the production of the map, while in Peru a 

group of four people was selected to work on the map whilst the other village members began 

the wealth ranking. In parallel, other village members assisted a field worker in preparing index 

cards with the names of all the household heads in the village. 

In Honduras, the ranking process began with a comparison between two families. For the 

first two households, the field worker read out the name of the household heads and then 

asked the village members if the two households lived in the same conditions. If so, the two 

index cards were placed in the same pile. If one lived better than the other, they were placed in 

separate piles. The field worker then picked up a third index card and asked if this household 

lived in similar, better, or worse conditions than the first two households. The process contin-

ued until all of the households were classified in piles. The number of categories varied be-

tween villages, depending on the responses of the village members. In homogenous villages, it 

was possible that the majority of households were categorized in the same group, although in 

such situations the field worker tried to encourage participants to identify subtle differences. 

The criteria used to distinguish between categories were implicit, rather than formally defined. 

In Peru, on the other hand, the ranking process began with the definition of the wealth cat-

egories. The field worker proposed to the village members that in every village there are “fami-

lies that have the most,” “families that have neither a lot nor little,” “families that have little,” 

and “families that have the least.” In many cases, the initial reaction of the meeting participants 

was to argue that everyone in the village is equally poor. However, with the use of examples, 

                                                      
2 In Honduras, no mention was made of the Graduation Program in order not to bias participant behavior in 

the PWR. In Peru, participants were given information only about the training elements of the project. The cash 
consumption stipend and asset transfer were not mentioned. 
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the field worker was able to demonstrate to the participants that although all may be poor, 

some are poorer than others. 

Next, the village defined four wealth categories in terms of land, animal ownership and the 

house characteristics. For example, “families that have the most” might be defined as those 

that have more than 50 sheep, eight cows or 10 llamas; more than three masas of land 

(3,150m2); and a house with four or more rooms. The “families that have the least” might have 

fewer than 14 sheep, two cows or three llamas; 0.5 masas (275m2) of land; and a one room 

house. Anecdotal evidence suggests that this rather abstract exercise was difficult for many 

participants, and significant guidance was required from the case worker to produce a logical 

classification.  

Index cards with the name of the household heads were then read out in random order. 

The location of the household was drawn on the village map and the participants decided in 

which category the household belonged. The index card was then placed in a cardboard box 

corresponding to that category. This process created a number of challenges. First, it was a time 

consuming process, particularly in large villages, and participants evidently tired towards the 

end. Second, there was no established process for handling disputed cases, where some village 

members felt that the household should be in one category and others felt otherwise. Given 

the time constraint, the field worker needed to make a quick decision, and would typically go 

with the option that was being voiced most loudly, or appoint the village president to act as 

arbitrator. In general, there was little reference to the objective criteria established by the par-

ticipants and it was unclear whether the classification of households reflected these criteria or 

not. 

With the ranking complete, the next step at both sites was to determine the PWR catego-

ries that would be eligible for inclusion into the program. In practice, the norm was to select the 

poorest two categories from each village, which was normally over half of the households in the 

village. In poorer villages, the three poorest categories were selected.3 

2.3 The verification step by NGO field workers 

The next step of the TUP targeting process was a verification survey for households selected 

in the PWR. This was conducted by the NGO field workers at each house or in a community 

                                                      
3 In a few villages in Honduras, four categories were selected. 
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meeting. During the survey process, case workers would sometimes encounter additional 

households that had either not been ranked in the PWR or who claimed they had been ranked 

incorrectly, and would include these households in the survey. Not all households selected in 

the PWR were surveyed: some had migrated from the community, others were not at home, 

and still others did not meet the inclusion criteria defined for the project. The first aim of the 

verification survey was to verify the suitability of the household for the project. We label the 

criteria used for this purpose the “programmatic” criteria. In Honduras the criteria applied 

were: (1) the household includes a child under the age of 18 to meet Plan’s mission of helping 

children and (2) the household has lived in the village for at least three years. In Peru the crite-

ria applied were: (1) the head of the household or their spouse is younger than 60, and would 

therefore be capable of managing an enterprise for several years to come; (2) the household 

includes a child under the age of 18 and (3) the household head doesn’t live outside the com-

munity for more than six months of the year. 

The second aim of the verification survey was to confirm that the household was indeed poor, 

in order to correct for errors or manipulation during the PWR: we label these “poverty” criteria. 

In Honduras, this took the form of two criteria: (1) the household has a monthly per capita in-

come of 600 Lempira or less, the monthly cost of a basic food basket and (2) the household 

meets at least two of the following three criteria: (a) having one manzana or less of land under 

cultivation4; (b) having minors in the household who work in income-generating or productive 

activities; (c) not currently participating in a development program. In Peru, four criteria were 

used, including a PMT: (1) neither the household head nor the spouse have a formal profession 

or occupation; (2) the household head does not own a second home outside of the community; 

(3) the household does not currently borrow money from formal sources5; (4) the household 

has a PPI score of 30 or less. The PPI was chosen as a PMT method because it was well-tested in 

Peru and simple to apply and calculate. With a PPI score of 30 or more, there is a 50% probabil-

ity that the household is not below the national poverty line (Schreiner, 2009).  

One concern with the verification step is that participants may have answered self-reported 

measures strategically to remain included through this stage of targeting; however, within a 

                                                      
4 One manzana equals about 1.7 acres or 0.7 hectare. 

5 Households that had a loan with the microfinance institution Caja Nuestra Gente, which had recently entered 
into an agreement with the government to provide credit to beneficiaries of the conditional cash transfer scheme, 
Programa JUNTOS, were not excluded. 
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two-step targeting process it is difficult to control how honestly people will participate after 

being selected for program inclusion in the first step. Additionally, we recognize that using NGO 

workers instead of the government may have affected the verification step, as well as the PWR-

-participants may respond differently based on the implementing party. However, this variation 

is determined by the relationship of the villagers to the implementing party and is a risk regard-

less of the party being an NGO or the government.  

3 Sample and data 

After the targeting steps were complete, we randomly selected 15 villages (out of 40 treat-

ment villages) from Honduras, and 21 villages (out of 40 treatment villages) from Peru to be 

included in the targeting analysis study. Within each of these communities, an extensive socio-

economic survey was administered to the selected households as part of an impact evaluation 

study. In addition, for the purpose of this targeting analysis, we also surveyed a random sample 

of the excluded households. Since a higher proportion of households selected for the program 

were sampled than those excluded for the program, we use sampling weights throughout the 

analysis to make the sample representative at the village level. In the 15 selected communities 

in Honduras, a total of 1,060 households were surveyed – 423 selected households and 637 

non-selected households, whereas in the 21 villages in Peru 470 selected and 537 non-selected 

households were surveyed, for a total sample of 1,007 households. 

Two filters were applied to define the sample frame for analysis. First, as mentioned above, 

several “programmatic” criteria were applied in the verification step (e.g. presence of a child 

under 18 in the household). These programmatic criteria reflect the priors of the implementing 

organizations about which types of households are suitable for the intervention and do not 

necessarily relate to poverty. To focus on how well the targeting methods select the poor, we 

therefore remove from the sample all households that do not satisfy the programmatic crite-

ria.6  

Second, some households identified as poor in the PWR were not surveyed later in the veri-

fication step. In some cases, there was no respondent available when the NGO field workers 

returned to the community. In other cases, the household could not be located in the commu-

                                                      
6 Since we do not have data from the verification survey for the households excluded in the PWR step, we 

check programmatic eligibility using our household survey data. 
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nity. For these households, we do not know whether, had they been surveyed, they would have 

been selected or not. Since we are interested in understanding how each of the steps contrib-

uted to the final selection, we discard from the sample the households that were identified as 

poor in the PWR but were not verified by the NGO in the verification survey. After applying 

these two filters, we are left with 897 households in the analysis sample in Honduras and 717 

households in Peru (Table 1). 

Of the 897 households in the Honduras sample, 702 were categorized as ultra-poor at the 

PWR stage. This corresponds to 62% of households (using sampling weights). Of these, relative-

ly few failed to pass the verification step by the NGO (67 households or 17%).7 Overall, the two-

step TUP targeting process selected 52% of households for the program (conditional on meet-

ing the programmatic criteria). In Peru, 64% of households were identified as ultra-poor at the 

PWR step, and of these, only 14% were excluded at the verification step. In all, 59% of house-

holds in Peru were finally identified as ultra-poor and selected for inclusion into the program. 

Table 1 maps the incremental sample size changes from the analysis sample to final selection 

for the two countries. The final selection rates in Honduras and Peru – 52% and 59% respective-

ly – may seem high, but note that the program villages were purposefully selected because of 

their high incidence of extreme poverty. 

4 Selection at each stage of the TUP process   

We begin our analysis by examining differences between how households are categorized 

at each step of the TUP targeting process. Table 2 (Honduras) and Table 3 (Peru) shows the 

means of several welfare indicators for each group at a given step. We compare the groups in 

terms of demographics and education (Panel A), household assets (Panel B), productive assets 

and income (Panel C), and consumption, poverty, and vulnerability (Panel D). The number of 

households in each step is displayed in the last row of the table. The combination of the two 

sample sizes listed under the “PWR step” is the analysis sample for that country, while the 

combination of the sample sizes listed under the “Verification step” is the total number of 

households selected in the PWR for that country.   

                                                      
7 From Table 1, (62%-52%) / 62% = 17%. 
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4.1 Participatory Wealth Ranking  

In both countries, households selected by the PWR are consistently poorer across a range of 

welfare indicators than households excluded in the PWR. In columns 1 – 3 of Tables 2 and 3, we 

see that all statistically significant differences between those excluded and selected by the PWR 

(N=563 for Peru, N=702 for Honduras) reflect sorting into groups by higher and lower welfare. 

In both countries, indicators of education, household assets, productive assets, and consump-

tion, poverty, and vulnerability reflect consistent sorting into groups by welfare status.  

More statistically significant differences between selected and excluded households emerge 

in Honduras than in Peru. Notably, the PWR in Peru did not sort households by weekly income 

per capita or food security, although the lack of a significant difference for the former may stem 

from the challenge of measuring income. Reported income for both groups is much lower than 

consumption measures, reflecting this challenge.  

4.2 Verification  

Selection at the verification step (Columns 4-6 of Tables 2 and 3) shows fewer statistical-

ly significant differences relative to the PWR. Note however that the number of excluded 

households in this step is small, reducing our power to detect statistically significant differ-

ences. In Honduras, differences emerge in boys’ enrollment, assets (the asset index, latrine 

ownership, the housing index, and land ownership), weekly consumption per adult equivalent, 

and food security, each reflecting sorting consistent with poverty status. In Peru, we find statis-

tically significant differences in the expected direction only for girls’ school enrollment and the 

PPI. The latter is not unexpected given that the PPI score was itself one of the criteria used in 

the verification step. Excluded households have fewer sheep and goats than the selected 

households. In Peru, sheep and goats are livestock typical of poorer households, with the richer 

households holding cattle, lamas and alpacas. 

Given the fewer differences within the verification step relative to the PWR step, it ap-

pears that the verification step mostly served to identify and correctly exclude a few wealthier 

households, while the PWR effectively sorted households broadly into poor and wealthy cate-

gories. 

4.3 Final selection 

Column 7of Tables 3 and 4 shows the results of the complete TUP targeting process with 

the final difference between households excluded in either the PWR or verification step and 
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those selected in both of them. In both countries, the significant differences in the final selec-

tion echo those in the PWR.  Taken as a whole, the selection process effectively targeted poorer 

households according to a wide range of indicators. As can be seen in columns 8-9, the PWR 

was responsible for the majority of the differences between the selected and excluded groups 

in both Honduras and Peru.8 

5 TUP targeting in comparison to other targeting methods 

The mean comparisons examined above indicate that the TUP selection process broadly 

sorted households by welfare status. Such sorting is an important, but not sufficient indication 

of how well the process identifies poor households: the process may have erred more towards 

false positives, or false negatives, which may have important welfare consequences, and the 

process may have worked well but not as well as other methods (or worked equally as well, but 

cost more). We use a well-established measure of poverty, consumption per capita, as well as 

an asset index as benchmarks to compare the TUP targeting process with random selection and 

two PMTs: the PPI and a housing index.  

5.1 Consumption per capita as a benchmark 

We choose consumption per capita as a benchmark assuming that it represents the best availa-

ble proxy for wellbeing. We use an equivalence of 1 for adults and 0.5 for children under the 

age of 14. Caution is needed however, for several reasons. First, the measurement of consump-

tion for poor households is inherently difficult. Respondents do not always remember their ex-

penditures accurately, do not tend to measure the consumption of their own produce in stand-

ardized units, and may perceive an incentive to inflate or deflate their reported expenditure. 

Second, survey-based measurement of consumption usually refers to a short time period; for 

some households, those time periods may not be representative of their typical consumption 

habits. Third, households have different consumption preferences: a household that chooses to 

spend as little as possible and save for the future may appear poorer than it actually is when 

consumption is used as the benchmark. Fourth and finally, consumption does not capture other 

dimensions of poverty, such as vulnerability to shocks or social and political inclusion. In sum, 

                                                      
8 The numbers in columns 8-9 indicate the relative contribution of the PWR and verification steps. Let M be 

the mean of the variable of interest, M1 its mean conditional on being selected in the PWR step and M2 the mean 
conditional on being finally selected, the contribution of the PWR is then defined as (M-M1)/(M-M2) and the con-
tribution of the verification step as (M1-M2)/(M-M2). 
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while we consider consumption to be the best benchmark available to compare targeting tools, 

we interpret the results with caution. 

5.2 Asset Index as a benchmark 

We also use an asset index as a benchmark to compare the TUP targeting process and two 

PMTs. An asset index has strengths and weaknesses. In comparison to expenditures, it is typi-

cally more stable, i.e. less short-term fluctuation. Furthermore, some assets can be verified by 

the surveyor (while others naturally are at risk of self-reporting bias, just as expenditures are). A 

weakness is that assets are driven by savings preferences (both in levels and types) as well as 

life cycle status. Regardless, we also will include a comparison to an asset index to benchmark 

the poverty proxies and examine whether certain proxies are more correlated with assets (ver-

sus expenditures, the primary benchmark).  

5.3 Other targeting methods 

We compare the TUP selection process with two proxy means tests: the PPI and a housing 

index. The PPI is a poverty scorecard that estimates the likelihood that a household is poor 

based on ten questions related to demographics, education, housing and assets. The infor-

mation takes about five minutes to collect and many of the answers are readily verifiable if the 

questionnaire is performed in the home. Answers to each question correspond to a certain 

number of points; the sum of these points yields a score out of 100 for the overall survey. Each 

score is then associated via a scorecard with a probability that the household falls below the 

poverty line, which is a per capita cutoff. Thus, the PPI is calibrated to replicate a per capita 

poverty measure and can be reasonably compared to our per capita poverty measures. The 

scorecard is calibrated using data from the relevant country’s national household survey. The 

choice and weighting of indicators is based on their correlation with poverty, the ease of col-

lecting and verifying the information, and the liability of the indicator to change over time as 

poverty status changes (Schreiner 2009; Schreiner 2010).  

We constructed a housing index using principal components analysis (PCA), a statistical 

technique often used in the creation of socio-economic status indices from household survey 

data. Five variables were entered into the PCA: the total number of rooms in the house per 

adult equivalent (1 for adult, 0.5 for children under 14) and dummy variables indicating wheth-

er the house has a cement floor, a cement wall, a latrine and electricity access. From this set of 

correlated variables, PCA creates uncorrelated components that explain the variance in the 

data and thus provide synthesized information on the underlying concept—in this case, housing 

quality. The components are ordered so that the first component explains the largest amount 
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of variation in the data (Vyas and Kumaranayake 2006). This first principal component is then 

used as a relative index of housing quality, which we use as a proxy for overall wellbeing.  

The housing index contains four binary household level variables and one per capita 

measures (# of rooms). There is some critique within statistical literature of using PCA on binary 

variables; however, it is a common practice within empirical literature to create wealth indices 

using asset indicators (see Filmer and Pritchett (2001)). PCA using discrete variables is the ap-

proach also used by the Demographics and Health Surveys (DHS) program to create the DHS 

Wealth Index (“Wealth Index” 2015).  

5.4 Results 

Our approach evaluates how well the various targeting methods categorize households at 

various quintiles in the distribution of the two different benchmarks: consumption per capita 

and an asset index. We compare the TUP targeting method against a naive random selection, 

the PPI, and the housing index. For the PPI and housing index, we choose the poverty line – i.e. 

the cut-off value to be categorized as poor –  in each country so that the X% of households gets 

selected where X is the percentage of households selected by the actual TUP targeting process 

(52% for Honduras and 59% for Peru). For each quintile of a given benchmark, we then calcu-

late the fraction of households in that quintile that would be selected by a given targeting 

method. A perfect targeting tool would select all households in percentiles of the benchmark 

less than X% and not select any households in percentiles above X%. A naively random sampling 

would achieve a rate of X% for each quintile. 

Table 4 (Honduras) and Table 5 (Peru) show the results of the comparisons using consump-

tion per capita as a benchmark, while Table 6 (Honduras) and Table 7 (Peru) show the results 

using the asset index as a benchmark. Columns 1, 2, 3, 4, and 5 show the fraction of households 

within a particular quintile of the benchmark that would be selected by the given targeting tool. 

As column 2 shows, perfect targeting would select 100% of respondents in all percentiles be-

fore the cutoff point for selection (52% in Honduras and 59% in Peru), and 0% afterwards. The 

other columns present the p-values from tests of equality of proportions selected between two 

of the targeting tools. With some exceptions—particularly in Honduras — both tables show few 

consistent differences in performance among the targeting tools and between each targeting 

tool and a mere random selection.  
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5.5 Consumption per capita Results  

As Table 4 shows for Honduras, there is some evidence for differences between each target-

ing tool and a random sample but very little evidence for differences among targeting tools. 

Each targeting tool significantly outperforms the random sample in at least three quintiles, con-

centrated in one or both tails. Between targeting tools, the only significant difference we ob-

serve is in the bottom quintile when comparing the TUP process with the housing index, with 

housing outperforming the TUP process.   

In Table 5 for Peru, only the first and fifth quintiles of the housing index and PPI show signif-

icant differences from mere random selection. The TUP process does not perform differently 

than random selection in any quintile. Of the fifteen tests (3 methods x 5 quintiles) performed 

that compare targeting tools to each other, not one shows a statistically significant difference.  

Figures 1 and 3 visually depict the performance of each targeting tool using consumption 

per capita as a benchmark.9 An ideal targeting tool would have a straight line from the point 

(0,1) to (X,1), followed by a straight line from (X,0) to (1,0), where X corresponds to the per-

centage of households finally selected in each country. Even though each targeting tool displays 

a downward sloping trend, none comes close to the ideal values. In both graphs, there is evi-

dence that the tools perform relatively well at the tails, with the sharpest changes in slope oc-

curring at the very left and right ends of the graphs. The shape implies that the targeting tools 

are better at identifying the very poorest and the very richest than they are at correctly catego-

rizing individuals in the middle.  

In both graphs, no tool consistently outperforms the others. The PPI in Peru, for instance, 

outperforms the TUP process and housing index in including the very poorest, but in the rest of 

the distribution has mixed performance. The housing index in Honduras also starts out well 

beginning in the left tail and through the ninth decile rivals the other tools, but then rises for 

the last decile, including a higher proportion of wealthy households.  

Taken together, the figures and tables paint a mixed picture: the targeting tools each per-

form slightly (albeit often weakly, statistically) better than random selection—particularly in the 

                                                      
9 The graphs depict fractions of non-parametrically estimated density functions. Because of the non-

parametric smoothing, they do no perfectly map into the fractions in Tables 3 and 4. 
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tails and in Honduras. But the targeting tools compared to each other show few consistent dif-

ferentiating patterns.  

5.6 Asset Index Results  

Table 6 (Honduras) and Table 7 (Peru) show the results of the comparisons using the asset 

index, rather than the above consumption per capita measure, as the benchmark “truth.”   

We see results in Honduras similar to those when using the consumption benchmark, with 

significant differences between all three targeting methods and random selection in at least 

three quintiles. The TUP targeting process is the strongest, outperforming random selection in 

four of the five quintiles. In comparing the targeting methods to one another, TUP targeting 

and the housing index perform similarly, with no quintiles differing between the two. However, 

when compared to PPI, they both perform better. TUP outperforms PPI in two quintiles, while 

the housing index outperforms PPI in four quintiles.  

In Peru, TUP targeting also performs the best, with three quintiles performing better than 

random selection, concentrated in the tails. The housing index and PPI do better in two quin-

tiles. Similar to in Honduras, TUP and the housing index do not differ from one another in any 

quintile, while they both outperform the PPI in two quintiles.  

The figures illustrate the same patterns seen in the tables. In Figure 2, for Honduras, all 

three methods appear slightly better than random selection, particularly in the tails. The graph 

shows PPI doing consistently poorer than the housing index and TUP process, with the two lat-

ter performing similarly throughout the distribution.  

In Figure 4, we once again see PPI getting outperformed by the housing index and TUP pro-

cess for the majority of the distribution. For a portion of the distribution, PPI appears worse 

than random selection. All three outperform random selection in the tails. The housing index 

and TUP process are visually comparable and both outperform random selection for the majori-

ty of the distribution.  

6 Other definitions of poverty 

For the reasons outlined in sections 5.1 and 5.2, we present our results using consumption 

per capita and an asset index as s “the” measures of poverty with some caution. Moreover, 

even if these are the strongest proxies for poverty, given measurement error, other measures 

may shed light on the relative performance of targeting tools. Tables A1 and A2 thus extend the 



17 

 

comparison of TUP with other targeting tools by examining each tool’s performance using addi-

tional benchmarks for poverty. Each cell shows among households selected by the targeting 

method in the column heading the percentage of households that rank in the bottom X% (52% 

in Honduras and 59% in Peru) according to the poverty metric on the left. As before, we com-

pare the targeting tools to random selection, which would select X% of households in the bot-

tom X% of the poverty distribution for each metric. A perfect targeting tool would only select 

those bottom X%; hence, the number selected for each metric is 100%.  

In the first row of the tables we show how each tool fares on average for consumption per 

capita. Among random selection, TUP, the housing index, and PPI in Peru, only the housing in-

dex does better than random selection and it also outperforms TUP targeting. In Honduras, all 

targeting tools perform better than random selection, but once again the housing index does 

better than TUP targeting 

Clearer differences emerge among the tools when using the total value of animals and total 

cultivated land as benchmarks. For total value of animals, the relative ranking for the three 

tools is the same in each country. For Honduras and Peru, respectively, the percent correctly 

identified as poor, using total value of animals, is TUP (66% and 72%) > Housing (62% and 58%) 

> PPI (57% and 57%) > random (52% and 59%). TUP’s performance is statistically significantly 

better than the other two methods in both countries. Similarly, for total cultivated land as the 

“true” measure of poverty, TUP outperforms both PPI and Housing. These results suggest that 

for total value of livestock and total value of cultivated land, TUP generally outperforms ran-

dom selection and both the housing index and PPI.  

Few consistent differences among the tools appear when vulnerability to reductions in food 

consumption10 and years of education of the household head are each used as the true meas-

ure of poverty. In Honduras, each of the tools is significantly better than random selection for 

both metrics but no method outperforms another. In Peru, the only tool to outperform random 

selection for the two metrics is PPI for years of education of the household head. PPI also out-

performs TUP targeting for years of education of the household head.   

                                                      
10 As a measure of vulnerability to reductions in food consumption, we use an index based on questions in the 

survey about whether an adult reduced/skipped meals, how frequently this happened, whether an adult went an 
entire day without eating, how frequently this happened, and whether a child under 16 went a whole day without 
eating and/or skipped/reduced meals, and how frequently this happened 
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Figures 5 and 6 capture TUP’s performance visually. The graphs plot the percentage of 

households selected by the TUP targeting process against the rank of those households accord-

ing to three metrics of poverty: the asset index, consumption, and vulnerability to reductions in 

food consumption. TUP performs best according to the asset index in Peru and Honduras, 

showing a consistent negative slope from including poor households on the left to excluding 

rich households on the right.  A similar, but weaker, trend exists for consumption. The TUP pro-

cess shows an inverse relationship between vulnerability and selection in Peru and a direct, but 

weak relationship in Honduras. 

Overall, the comparison unveils three insights into the TUP selection process. First, when 

judged using five different poverty metrics, the TUP process typically performs better than ran-

dom selection. Second, the TUP process, compared to PPI and the Housing index, leads to se-

lecting households with less land and less valuable livestock. Third, the pattern demonstrates 

that the TUP process performs best for measures that are easily observable to the community, 

i.e. the TUP process leads to selection on assets, and less so on consumption or education. 

7 Understanding PWR rankings  

TUP’s favorable performance along some poverty indicators, but not others, makes poign-

ant the question of what observable information predicts how village members categorize 

households. Tables A3 and A4 analyze these criteria by regressing a household’s group number 

(ranking) in the PWR on a host of covariates. Column 1 shows the results of this regression, 

while column 2 displays results from the same regression with different outcome variables se-

lection by the complete TUP process as the outcome variable.  

With the five poverty metrics and other covariates included in one regression, the PWR pro-

cess shows that households with a lower score on the asset index in Honduras and Peru and 

households with less livestock and land in Peru are more likely to be ranked as poor, while 

there is no difference in the rankings among households according to their vulnerability to re-

ductions in food consumption which is consistent with earlier results. Interestingly, once con-

trolling for other factors, the result in Peru on the asset index is inconsistent with our findings 

when comparing TUP targeting to random selection by asset index quintiles. Additional covari-

ates are statistically significant in both countries, indicating that, conditional on the poverty 

metrics, villagers take into account other characteristics when ranking households. In Honduras, 

household size and having savings make a household less likely to be categorized as poor, 

whereas the household head being a widower has the opposite effect. In Peru, households se-

lected by the PWR have a lower mean self-reported economic status while households with 
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heads under 30 are more likely to be categorized as poor. Oddly, once controlling for all varia-

bles, higher consumption is actually positively correlated with being identified as poorer. 

8 Policy implications and conclusion 

The relative costs and merits of each method hold important implications for organizations 

seeking to target the poor effectively. Past quantitative evaluations of PWR results using 

household surveys generally show that PWRs effectively identify households that are poor ac-

cording to traditional measures of wealth. Here we help build evidence across two sites, Hon-

duras and Peru.  We find strikingly similar results, although implemented in different geogra-

phies, cultures and implementing organizations.  Naturally, this does not imply the results are a 

universal truth, but the two site analysis does help explore the bounds of external validity more 

so than one can do with a one site analysis as is common in this literature. Adams et al (1997) 

uses expenditure, income and asset holdings to validate a PWR in rural Bangladesh, and find 

significant differences between wealth groups across all traditional socio-economic variables. 

Ojiako et al (2009) and Temu and Due (2000) similarly find that PWRs in Nigeria and Tanzania, 

respectively, successfully identify poorer households. Van Campenhout (2007) studies a wealth 

ranking in rural Tanzania and finds that the wealth categories reflect asset holdings and school-

ing levels.13 

While the results of PWRs against socioeconomic indicators are intrinsically interesting in 

terms of what we can learn about perceptions of poverty, their performance relative to other 

targeting methods is directly relevant for policy. The relatively few studies that have made such 

comparisons have yielded mixed results. In a study in rural South Africa, Hargreaves et al (2007) 

compare the results of a PWR with two survey-based methodologies that employ principal 

component analyses (PCA) to construct wealth indices. The PWR results are only weakly corre-

lated with the survey-based tools, implying that one or the other (or both) is incorrect; howev-

er, in the absence of a credible benchmark it is impossible to determine which is more effective. 

Banerjee et al (2009) evaluates a two-step targeting process used by Bandhan in India to estab-

lish eligibility for the same Graduation Program that is discussed in this paper. Using detailed 

household survey data to analyze the process, they find that the PWR approach compares fa-

vorably to the census-based methods used by the Indian government, although it is important 

to note that the latter fared particularly poorly.  

                                                      
13 Data were not available to compare the results with household income or expenditure.  
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Our study assesses a PWR targeting method relative to other common targeting methods, 

benchmarking all of the methods against traditional measures of wealth. Additionally, we em-

ploy a mixed method, using both a PWR and a verification step after geographic targeting, 

which is a strategy often used by governments. For example, Indonesia’s Data Collection on 

Social Protection Programme (PPLS) determines its list of households that go on to receive a 

PMT survey using community methods (Alatas et al 2012). By comparing the same methods 

against the same benchmarks in different settings, we improve the understanding of how PWRs 

work against different standards . 

The data from our surveys of households selected and excluded by the TUP targeting pro-

cess support the effectiveness of PWRs in sorting households by poverty status. The subse-

quent step in the TUP targeting process—the verification step—produced fewer and smaller 

differences between selected and excluded households, but seems to have filtered some 

wealthy households out of the group selected in the PWR step. After benchmarking the TUP 

method against the distribution of consumption per capita and an asset index, the TUP process 

fares moderately but is mostly indistinguishable from two alternative targeting methods based 

on PMTs, the housing index and PPI. Differences that do emerge surface within the tails of the 

consumption expenditure and asset index distributions.  

This raises the question of why, given that households in these close-knit communities are 

likely to know each other very well, the PWR is not more accurate. One explanation finds sup-

port in our analysis that uses alternative poverty metrics: when compared against land and live-

stock ownership, both the TUP process and PPI method outperform random selection and the 

housing index. This demonstrates that local definitions of poverty incorporate variables other 

than consumption and assets, or are simply based on what is more readily available and ob-

servable to each other, about each other. Results from a multivariate regression controlling for 

consumption and the asset index also reinforce this point, as livestock ownership predicts the 

rank in the PWR in both countries along with a number of other covariates that were unique to 

each country. Noticeably absent from the list of predictors of the PWR ranking is vulnerability 

to reductions in food consumption.  

Due to PWRs' use of direct community involvement, it is perhaps unsurprising we see 

changes in variables that may be more incorporated in local definitions of poverty than con-

sumption or asset ownership. A possible benefit of incorporating local interpretations of pov-

erty is increased satisfaction with the targeting process, making the program easier to run. A 

field experiment conducted in Indonesia comparing a PMT and PWR (Alatas et al. 2012) found 

that while the PMT was more accurate when poverty was defined in terms of consumption, the 
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villagers themselves were more satisfied with the results of the PWR. They also found fewer 

complaints when distributing the program in the treatment villages that used PWR compared to 

the PMT. They provide suggestive evidence that this difference is not due to the difference in 

lists produced by the two methods, but rather due to the differing perceptions of the methods.  

Transparency and villagers’ involvement in the process regardless of the outcome are also likely 

to increase satisfaction with the targeting process. Overall, these characteristics of PWRs and 

the resulting satisfaction of villagers may ease the implementation of targeted programs that 

can otherwise be controversial processes.  

Despite the beneficial properties of PWRs, a primary concern that still exists is that of elite 

capture, where local leaders or elites manipulate the targeting process or distribution of a pro-

gram to benefit themselves. Bardhan and Mookherjee (2000) shows that the threat of elite cap-

ture is dependent upon a number of diverse factors, thus a greater understanding of one’s par-

ticular setting is needed to mitigate the risk. They argue that income inequality is one of these 

factors under which local capture is more likely to occur. It is important to consider different 

forms of inequality, socially and economically, that may increase the risk of elite capture in a 

community. We do not have sufficient variation in inequality and social and political structure 

in our setting to examine these issues, and thus it would be a mistake to extrapolate from our 

study to argue that elite capture is not an issue in other settings. The one-off nature of our pro-

cess may also lead to an underestimate of the propensity for elite capture. For example, after 

learning more about the program and its processes, local leaders in Colombia started manipu-

lating the targeting system of a transfer program (Camacho and Conover 2011). Elite capture 

also can happen in the actual distribution and implementation of a program, not in the identifi-

cation of official participants (see Alatas et al (2013)).   

Ultimately, the decision on what mechanism to use to target should be driven by a cost-

benefit analysis. Table 8 provides an analysis of the estimated cost of each of the methods, in 

both countries. Our calculated costs for each method are based on estimates of facilitator and 

data entry assistant wages, transport costs, and survey material costs. Respondents’ time was 

not considered in the calculation. The TUP targeting process (both the participatory wealth 

ranking and the verification step) costs about US$7 per selected household, whereas the PPI or 

housing index would cost about US$5.5 per selected household. We include a cost of $0 for 

random selection to provide a reminder of these costs over simple random selection after geo-

graphic targeting. The approaches beyond random selection have quite similar costs, but the 
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TUP targeting process is the most expense. That cost is divided almost equally, half coming 

from the PWR and half from the verification step.14 Thus if the verification step was deemed 

unnecessary (and our evidence suggests it contributed little to the poverty targeting), the PWR 

method would be substantially cheaper than the PPI or housing index methods which require 

household visits.15  

Of course, the relative costs of the different targeting methods are a function of context-

specific parameters, such as the average number of households in a community and the per-

centage of targeted households. We consider those here in Figures 7 and 8, by plotting the (hy-

pothetical) targeting cost per selected household as a function of these parameters for the Pe-

ruvian case – fixing the other parameters at their observed values. As seen in Figure 7, the PWR 

is substantially cheaper than the PPI/housing index independent of the percentage of house-

holds that is targeted (for an observed average village size of slightly under 100 households). 

Figure 8 shows however that this relationship does not hold for small villages (less than 60 

households) where the PPI/housing index is cheaper than the PWR. As village size increases, the 

PWR becomes cheaper relative to the PPI/housing index because the marginal cost of ranking 

one more household in the PWR is close to zero. 

On the benefit side, the benefits of one approach versus another depend critically on the social 

welfare function one is maximizing, and implicitly from that, what the lost benefits are from 

resources “wasted” on delivering services to untargeted individuals. For instance, someone 

who is barely above the bar (thus not “ultra-poor” in a binary sense) still would benefit from 

the program and serve the greater social purpose of the program, just not as much as the per-

son categorized as ultra-poor. Additionally, the benefit of community methods versus PMTs can 

depend on whether one wants to specifically target a hard measure of poverty (e.g income) or a 

soft one (e.g. perceptions) (Alatas et al. 2012). Our results suggesting PWRs incorporate more 

local perceptions of poverty and more easily observable proxies (i.e., assets rather than con-

sumption) echo the need for this consideration. Lastly, for programs that require some level of 

                                                      
14 The PPI/housing index and the verification step both make use of short household surveys. The cost of the 

verification survey is lower than the PPI/housing index survey because the verification survey includes only house-
holds selected in the PWR step. 

15 Our analysis focused on the poverty dimension of the targeting process and showed that the verification 
step contributed little to the poverty targeting. As mentioned above, the verification step also served a second 
objective, to verify a household’s programmatic eligibility. If the verification step were deemed unnecessary, the 
screening of the programmatic criteria could be made part of the PWR process. 
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community engagement, PWRs may have the added benefit of increasing buy-in from commu-

nity members, thus increasing the effectiveness of the program itself (for reasons similar to 

those observed in Alatas et al (2012)). This is not viable to examine in this project, as there were 

no communities that did not receive the PWR, but is an area worthy of further research.    

References 

Adams, Alayne M., Timothy G. Evans, Rafi Mohammed, and Jennifer Farnsworth. 1997. “Socio-

economic Stratification by Wealth Ranking: Is It Valid?” World Development 25 (7): 

1165–72. 

Alatas, Vivi, Abhijit Banerjee, Rema Hanna, Benjamin A. Olken, Ririn Purnamasari, and Matthew 

Wai-Poi. 2013. “Does Elite Capture Matter? Local Elites and Targeted Welfare Programs 

in Indonesia.” Working Paper 18798. National Bureau of Economic Research. 

http://www.nber.org/papers/w18798. 

Alatas, Vivi, Abhijit Banerjee, Rema Hanna, Benjamin A. Olken, and Julia Tobias. 2012. “Target-

ing the Poor: Evidence from a Field Experiment in Indonesia.” American Economic Re-

view 102 (4): 1206–40. doi:10.1257/aer.102.4.1206. 

Alwang, Jeffrey, Paul B. Siegel, and Steen L. Jorgensen. 2001. “Vulnerability : A View from Dif-

ferent Disciplines.” Social Protection Discussion Paper 23304. The World Bank. 

https://ideas.repec.org/p/wbk/hdnspu/23304.html. 

Banerjee, Abhijit, Esther Duflo, Raghabendra Chattopadhyay, and Jeremy Shapiro. 2009. “Tar-

geting Efficiency: How Well Can We Identify the Poorest of the Poor?” Institute for Fi-

nancial Management and Research Centre for Micro Finance Working Paper 21. 

Banerjee, Abhijit, Esther Duflo, Nathanael Goldberg, Dean Karlan, Robert Osei, William Parien-

té, Jeremy Shapiro, Bram Thuysbaert, and Christopher Udry. 2015. “A Multifaceted Pro-

gram Causes Lasting Progress for the Very Poor: Evidence from Six Countries.” Science 

348 (6236): 1260799. doi:10.1126/science.1260799. 

Bardhan, Pranab K., and Dilip Mookherjee. 2000. “Capture and Governance at Local and Na-

tional Levels.” American Economic Review 90 (2): 135–39. doi:10.1257/aer.90.2.135. 

Bebbington, Anthony. 1999. “Capitals and Capabilities: A Framework for Analyzing Peasant Via-

bility, Rural Livelihoods and Poverty.” World Development 27 (12): 2021–44. 

doi:10.1016/S0305-750X(99)00104-7. 



24 

 

Camacho, Adriana, and Emily Conover. 2011. “Manipulation of Social Program Eligibility.” Amer-

ican Economic Journal: Economic Policy 3 (2): 41–65. 

Chambers, Robert. 1994. “‘Participatory Rural Appraisal (PRA): Analysis of Experience.’” World 

Development 22 (9): 1253–68. doi:10.1016/0305-750X(94)90003-5. 

Coady, David, Margaret E. Grosh, and John Hoddinott. 2004. Targeting of Transfers in Develop-

ing Countries: Review of Lessons and Experience. World Bank Regional and Sectoral 

Studies. Washington, D.C: World Bank. 

Deaton, Angus. 1997. The Analysis of Household Surveys. World Bank. 

Filmer, Deon, and Lant H. Pritchett. 2001. “Estimating Wealth Effects without Expenditure Da-

ta—Or Tears: An Application to Educational Enrollments in States of India*.” Demogra-

phy 38 (1): 115–32. 

Hargreaves, James R., Linda A. Morison, John SS Gear, Julia C. Kim, Mzamani B. Makhubele, 

John DH Porter, Charlotte Watts, and Paul M. Pronyk. 2007. “Assessing Household 

Wealth in Health Studies in Developing Countries: A Comparison of Participatory Wealth 

Ranking and Survey Techniques from Rural South Africa.” Emerging Themes in Epidemi-

ology 4 (1): 1–9. 

Ojiako, Ifeanyi A., V. M. Manyong, Chuma Ezedinma, and Godwin N. Asumugha. 2009. “Deter-

minants of Wealth and Socioeconomic Status of Rural Households: An Application of 

Multinomial Logit Model to Soybean Farmers in Northern Nigeria.” J Soc Sci 19 (1): 31–

39. 

Ravallion, Martin. 1998. Poverty Lines in Theory and Practice. LSMS Working Paper, no. 133. 

Washington, DC: World Bank. 

Schreiner, Mark. 2009. “A Simple Poverty Scorecard for Peru.” 

http://microfinance.com/English/Papers/Scoring_Poverty_Peru.pdf. 

———. 2010. “A Simple Poverty Scorecard for Honduras.” Microfinance. 

com/English/Papers/Scoring_Poverty_Honduras_EN_2007. Pdf, Acessado a 9. 

http://microfinance.com/English/Papers/Scoring_Poverty_Honduras_EN_2007.pdf. 



25 

Temu, Andrew E., and Jean M. Due. 2000. “Participatory Appraisal Approaches versus Sample 

Survey Data Collection: A Case of Smallholder Farmers Well-Being Ranking in Njombe 

District, Tanzania.” Journal of African Economies 9 (1): 44–62. 

Van Campenhout, Bjorn FH. 2007. “Locally Adapted Poverty Indicators Derived from Participa-

tory Wealth Rankings: A Case of Four Villages in Rural Tanzania.” Journal of African 

Economies 16 (3): 406–38. 

Vyas, Seema, and Lilani Kumaranayake. 2006. “Constructing Socio-Economic Status Indices: 

How to Use Principal Components Analysis.” Health Policy and Planning 21 (6): 459–68. 

“Wealth Index.” 2015. The DHS Program: Demographic and Health Surveys. Accessed December 

3. http://www.dhsprogram.com/topics/wealth-index/Index.cfm.



Table 1: Description of sample - Peru and Honduras

Honduras

Number of 

households

% of sample

(using sampling 

weights)

PWR step

Total households in analysis sample 897 100%

Considered non-poor in the PWR 195 38%

Considered poor in the PWR 702 62%

Verification step

Finally selected 635 52%

Peru

PWR step

Total households in analysis sample 717 100%

Considered non-poor in the PWR 154 36%

Considered poor in the PWR 563 64%

Verification step

Finally selected 536 59%
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Table 2: Selection at each stage of TUP targeting process - Honduras

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Excluded

(SD)

Selected

(SD)

Difference

(SE) 

Excluded

(SD)

Selected

(SD)

Difference

(SE) 

Difference

(SE) 

PWR 

step

Verif. 

Step

Panel A: Demographics and education

Female-headed household 0.11 0.14 -0.03 0.15 0.14 0.01 -0.02 114% -14%

(0.31) (0.35) (0.03) (0.36) (0.35) (0.05) (0.02)

Years of education of household head 1.28 0.84 0.43 0.92 0.83 0.09 0.37 91% 9%

(1.02) (0.66) (0.08) (0.78) (0.64) (0.10) (0.07)

School enrollment (boys: 12-17 years) 0.54 0.39 0.15 0.61 0.36 0.25 0.19 70% 30%

(0.50) (0.50) (0.05) (0.49) (0.48) (0.11) (0.05)

School enrollment (girls: 12-17 years) 0.59 0.44 0.15 0.44 0.43 0.01 0.12 97% 3%

(0.49) (0.49) (0.06) (0.50) (0.50) (0.09) (0.05)

Panel B: Household assets

Household has radio 0.82 0.71 0.11 0.74 0.70 0.04 0.10 85% 15%

(0.39) (0.45) (0.03) (0.44) (0.46) (0.06) (0.03)

Household has bicylce 0.26 0.14 0.12 0.12 0.15 -0.02 0.08 109% -9%

(0.44) (0.35) (0.04) (0.33) (0.35) (0.04) (0.03)

Asset index 1.90 -0.15 2.05 0.27 -0.23 0.50 1.78 90% 10%

(2.78) (1.75) (0.22) (1.77) (1.74) (0.24) (0.19)

Latrine with water or septic tank 0.73 0.41 0.33 0.57 0.38 0.20 0.32 79% 21%

(0.55) (0.56) (0.05) (0.59) (0.55) (0.08) (0.04)

Housing index 1.12 -0.30 1.42 -0.01 -0.36 0.35 1.24 90% 10%

(1.56) (1.14) (0.12) (1.20) (1.11) (0.08) (0.04)

Panel C: Productive assets and income

Total cultivated land (m2) 9632 5521 4111 6892 5244 1648 3797 85% 15%

(12527) (8347) (1033) (6680) (8622) (945) (870)

Number of cattle 0.50 0.08 0.42 0.06 0.08 -0.02 0.32 102% -2%

(1.61) (0.69) (0.12) (0.32) (0.74) (0.05) (0.10)

Number of sheep/goats 0.02 0.04 -0.02 0.08 0.03 0.05 0.00 -1650% 1750%

(0.14) (0.29) (0.01) (0.36) (0.27) (0.04) (0.02)

Total weekly income per capita (Lempiras) 74.98 50.59 24.40 46.74 51.35 -4.62 17.54 109% -9%

(98.65) (66.09) (5.39) (55.79) (67.96) (9.82) (4.75)

Household has business 0.19 0.10 0.09 0.10 0.10 0.00 0.07 99% 1%

(0.39) (0.30) (0.03) (0.30) (0.30) (0.04) (0.03)

Panel D: Consumption, poverty and vulnerability

Total weekly consumption per adult equivalent (Lempiras) 166.91 128.49 38.41 148.03 124.53 23.50 38.27 79% 21%

(120.23) (118.01) (9.66) (230.51) (77.11) (9.55) (8.21)

Household below $1.25 poverty line 0.33 0.47 -0.14 0.45 0.48 -0.03 -0.12 91% 9%

(0.47) (0.50) (0.04) (0.50) (0.50) (0.06) (0.04)

Total ppi score 36.37 32.08 4.30 33.64 31.77 1.87 4.01 84% 16%

(11.67) (9.86) (0.98) (10.30) (9.75) (1.35) (0.85)

Food security index 0.52 -0.02 0.54 0.39 -0.09 0.48 0.58 73% 27%

(1.29) (1.62) (0.11) (1.34) (1.66) (0.17) (0.11)

Number of observations 195 702 67 635

PWR step
Contributions to 

final selection
Verification step

Final 

selection

1. The asset index is created using PCA on 35 binary asset variables indicating whether the household owns each given asset. 0.105 of the overall variation is explained by the

first component. 

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement floor, a

cement wall, a latrin, and electricity. 0.313 of the overall variation is explained by the first component. 

3. The food security index is created using PCA on 6 variables: Whether an adult reduced/skipped meals, how frequently this happened, whether an adult went an entire day

without eating, how frequently this happened, and whether a child under 16 went a whole day without eating and/or skipped/reduced meals, and how frequently this happened.

0.612 of the overall variation is explained by the first component. 
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Table 3: Selection at each stage of TUP targeting process - Peru

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Excluded

(SD)

Selected

(SD)

Difference

(SE) 

Excluded

(SD)

Selected

(SD)

Difference

(SE) 

Difference

(SE) 

PWR 

step

Verif. 

Step

Panel A: Demographics and education

Female-headed household 0.06 0.13 -0.07 0.14 0.13 0.01 -0.06 103% -3%

(0.24) (0.33) (0.04) (0.35) (0.33) (0.06) (0.03)

Years of education of household head 6.33 5.21 1.13 6.42 5.10 1.33 1.25 79% 21%

(3.44) (3.63) (0.43) (4.26) (3.55) (0.88) (0.41)

School enrollment (boys: 12-17 years) 0.98 0.95 0.03 0.94 0.95 -0.01 0.03 107% -7%

(0.14) (0.14) (0.02) (0.24) (0.22) (0.06) (0.02)

School enrollment (girls: 12-17 years) 0.93 0.89 0.04 1.00 0.88 0.12 0.06 67% 33%

(0.26) (0.26) (0.07) (0.00) (0.32) (0.07) (0.07)

Panel B: Household assets

Household has radio 0.98 0.95 0.03 0.91 0.95 -0.04 0.01 164% -64%

(0.15) (0.22) (0.01) (0.29) (0.21) (0.05) (0.01)

Household has bicylce 0.68 0.48 0.21 0.42 0.48 -0.06 0.17 107% -7%

(0.47) (0.50) (0.06) (0.50) (0.50) (0.11) (0.05)

Asset index 1.33 -0.15 1.49 0.64 -0.22 0.87 1.47 88% 12%

(1.73) (2.37) (0.22) (2.54) (2.35) (0.58) (0.22)

Latrine with water or septic tank 0.22 0.25 -0.03 0.18 0.26 -0.08 -0.04 60% 40%

(0.42) (0.43) (0.05) (0.38) (0.44) (0.08) (0.05)

Housing index 0.12 0.00 0.12 0.04 -0.01 0.04 0.11 92% 8%

(0.94) (1.13) (0.13) (0.96) (1.14) (0.21) (0.12)

Panel C: Productive assets and income

Total cultivated land (m2) 8144 4134 4009.36 4091 4138 -47.51 3487.26 100% -0.3%

(8730) (5793) (1149) (3335) (5966) (759) (1030)

Number of cattle 4.98 2.98 2.00 3.55 2.93 0.62 1.89 94% 6%

(2.62) (1.52) (0.25) (1.81) (1.48) (0.41) (0.23)

Number of sheep/goats 15.69 15.26 0.43 10.77 15.55 -4.79 -0.29 -134% 234%

(17.69) (14.78) (1.87) (12.71) (14.87) (3.05) (1.77)

Total weekly income per capita (Lempiras) 10.00 5.63 4.37 7.36 5.48 1.88 4.19 91% 9%

(22.58) (8.02) (2.44) (12.04) (7.56) (2.42) (2.16)

Household has business 0.28 0.14 0.15 0.23 0.13 0.10 0.15 86% 14%

(0.45) (0.34) (0.06) (0.42) (0.34) (0.09) (0.05)

Panel D: Consumption, poverty and vulnerability

Total weekly consumption per adult equivalent (Lempiras) 44.48 36.96 7.51 33.17 37.27 4.10 5.86 113% -13%

(25.85) (21.24) (2.91) (19.79) (21.34) (4.00) (2.71)

Household below $1.25 poverty line 0.92 0.83 0.09 0.76 0.84 0.07 0.06 122% -22%

(0.27) (0.37) (0.05) (0.43) (0.37) (0.10) (0.05)

Total ppi score 17.69 16.15 1.55 19.46 15.85 3.61 2.07 65% 35%

(7.13) (7.67) (0.76) (9.48) (7.43) (2.05) (0.73)

Food security index -0.12 0.07 -0.19 0.01 0.07 -0.07 -0.18 93% 7%

(1.68) (1.57) (0.22) (1.46) (1.57) (0.28) (0.20)

Number of observations 154 563 27 536

PWR step Verification step
Final 

selection

Contributions to 

final selection

1. The asset index is created using PCA on 51 binary asset variables indicating whether the household owns each given asset. 0.115 of the overall variation is explained by

the first component. 

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement floor, a

cement wall, a latrin, and electricity. 0.264 of the overall variation is explained by the first component.

3. The food security index is created using PCA on 6 variables: Whether an adult reduced/skipped meals, how frequently this happened, whether an adult went an entire

day without eating, how frequently this happened, and whether a child under 16 went a whole day without eating and/or skipped/reduced meals, and how frequently this

happened. 0.522 of the overall variation is explained by the first component.
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Table 4: Mistargeting of different selection methods by consumption quintile - Honduras

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Quintile of per 

capita 

consumption 

distribution

Random 

selection

Perfect 

targeting

Complete 

TUP 

targeting

Housing 

Index 

targeting

PPI 

targeting

p-value

(1)=(3)

p-value

(1)=(4)

p-value

(1)=(5)

p-value

(3)=(4)

p-value

(3)=(5)

p-value

(4)=(5)

Number of 

obs.

1st quintile 52% 100% 56% 68% 64% 0.32 0.00 0.00 0.02 0.14 0.34 188

2nd quintile 52% 100% 61% 61% 64% 0.05 0.04 0.00 0.97 0.62 0.51 187

3rd quintile 52% 60% 60% 55% 56% 0.05 0.46 0.28 0.30 0.45 0.72 189

4th quintile 52% 0% 47% 47% 46% 0.25 0.21 0.15 0.92 0.81 0.88 169

5th quintile 52% 0% 35% 29% 29% 0.00 0.00 0.00 0.12 0.17 0.92 147

1. This table compares the complete TUP selection process to alternative targeting procedures: a housing index and the PPI score. Households were ranked according

to per capita consumption (adult equivalence: 1 = adult; 0.5 = child<14) and for each quintile of the consumption distribution, we calculate the % of households that

were (or would have been) selected by each of the methods. Since the complete selection process identified the poorest 52% and not a complete ranking, the housing

index and PPI methods mimick that selection, i.e. a household is selected if it ranks among the 52% lowest scoring households.

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement

floor, a cement wall, a latrin, and electricity. 0.313 of the overall variation is explained by the first component.

3. The number of observations is based on the analysis sample, with households misisng data on either per capita consumption, PPI or the housing index getting

dropped.
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Table 5: Mistargeting of different selection methods by consumption quintile - Peru

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Quintile of per 

capita 

consumption 

distribution

Random 

selection

Perfect 

targeting

Complete 

TUP 

targeting

Housing 

Index 

targeting

PPI 

targeting

p-value

(1)=(3)

p-value

(1)=(5)

p-value

(1)=(5)

p-value

(3)=(4)

p-value

(3)=(5)

p-value

(4)=(5)

Number of 

obs.

1st quintile 59% 100% 67% 72% 74% 0.23 0.05 0.02 0.44 0.21 0.49 123

2nd quintile 59% 100% 64% 63% 56% 0.39 0.39 0.59 0.91 0.12 0.38 147

3rd quintile 59% 95% 53% 62% 54% 0.32 0.62 0.44 0.36 0.84 0.43 127

4th quintile 59% 0% 61% 53% 60% 0.79 0.31 0.88 0.25 0.93 0.41 140

5th quintile 59% 0% 50% 45% 47% 0.13 0.01 0.04 0.42 0.71 0.80 129

1. This table compares the complete TUP selection process to alternative targeting procedures: a housing index and the PPI score. Households were ranked according

to per capita consumption (adult equivalence: 1 = adult; 0.5 = child<14) and for each decile of the consumption distribution, we calculate the % of households that

were (or would have been) selected by each of the methods. Since the complete selection process identified the poorest 59% and not a complete ranking, the housing

index and PPI methods mimick that selection, i.e. a household is selected if it ranks among the 59% lowest scoring households. 

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement

floor, a cement wall, a latrin, and electricity. 0.264 of the overall variation is explained by the first component. 

3. The number of observations is based on the analysis sample, with households misisng data on either per capita consumotion, PPI or the housing index getting

dropped. 
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Table 6: Mistargeting of different selection methods by asset index quintile - Honduras

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Quintile of 

asset index 

distribution

Random 

selection

Perfect 

targeting

Complete 

TUP 

targeting

Housing 

Index 

targeting

PPI 

targeting

p-value

(1)=(3)

p-value

(1)=(4)

p-value

(1)=(5)

p-value

(3)=(4)

p-value

(3)=(5)

p-value

(4)=(5)

Number of 

obs.

1st quintile 52% 100% 69% 71% 60% 0.00 0.00 0.03 0.70 0.10 0.01 203

2nd quintile 52% 100% 71% 69% 62% 0.00 0.00 0.01 0.78 0.11 0.08 201

3rd quintile 52% 60% 54% 53% 54% 0.58 0.86 0.64 0.74 0.94 0.78 176

4th quintile 52% 0% 45% 46% 51% 0.07 0.14 0.72 0.83 0.30 0.38 173

5th quintile 52% 0% 21% 21% 33% 0.00 0.00 0.00 1.00 0.01 0.01 131

1. This table compares the complete TUP selection process to alternative targeting procedures: a housing index and the PPI score. Households were ranked according

to an asset index and for each quintile of the asset index distribution, we calculate the % of households that were (or would have been) selected by each of the

methods. Since the complete selection process identified the poorest 52% and not a complete ranking, the housing index and PPI methods mimick that selection, i.e.

a household is selected if it ranks among the 52% lowest scoring households.

2. The asset index is created using PCA on 35 binary asset variables indicating whether the household owns each given asset. 0.105 of the overall variation is

explained by the first component.

3. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement

floor, a cement wall, a latrin, and electricity. 0.313 of the overall variation is explained by the first component.

4. The number of observations is based on the analysis sample, with households misisng data on either per capita consumotion, PPI or the housing index getting

dropped.
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Table 7: Mistargeting of different selection methods by asset index quintile - Peru

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Quintile of 

asset index 

distribution

Random 

selection

Perfect 

targeting

Complete 

TUP 

targeting

Housing 

Index 

targeting

PPI 

targeting

p-value

(1)=(3)

p-value

(1)=(4)

p-value

(1)=(5)

p-value

(3)=(4)

p-value

(3)=(5)

p-value

(4)=(5)

Number of 

obs.

1st quintile 59% 100% 83% 78% 65% 0.00 0.00 0.26 0.30 0.00 0.00 144

2nd quintile 59% 100% 66% 63% 66% 0.22 0.39 0.18 0.69 0.99 0.56 147

3rd quintile 59% 95% 58% 54% 58% 0.90 0.46 0.86 0.74 0.98 0.67 142

4th quintile 59% 0% 47% 50% 72% 0.06 0.17 0.01 0.68 0.01 0.01 125

5th quintile 59% 0% 39% 46% 33% 0.00 0.03 0.00 0.44 0.37 0.12 124

1. This table compares the complete TUP selection process to alternative targeting procedures: a housing index and the PPI score. Households were ranked according

to their score in an asset index and for each decile of the asset index distribution, we calculate the % of households that were (or would have been) selected by each

of the methods. Since the complete selection process identified the poorest 59% and not a complete ranking, the housing index and PPI methods mimick that

selection, i.e. a household is selected if it ranks among the 59% lowest scoring households.

2. The asset index is created using PCA on 51 binary asset variables indicating whether the household owns each given asset. 0.115 of the overall variation is

explained by the first component.

3. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement

floor, a cement wall, a latrin, and electricity. 0.264 of the overall variation is explained by the first component.

4. The number of observations is based on the analysis sample, with households misisng data on either per capita consumotion, PPI or the housing index getting

dropped.
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Table 8: Estimated costs of targeting for Peru and Honduras

Total

Per hh 

screened

Per hh 

selected Total

Per hh 

screened

Per hh 

selected

Two step targeting $33,127 $3.85 $7.41 $26,372 $3.30 $6.34

PWR $16,340 $1.90 $3.65 $13,333 $1.67 $3.21

Verification $16,787 $1.95 $3.75 $13,038 $1.63 $3.13

PPI/Housing index $26,230 $3.05 $5.87 $20,967 $2.62 $5.04

Random Selection $0 $0.00 $0.00 $0 $0.00 $0.00

Peru Honduras
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Figure 1: Comparing TUP to other targeting methods - Honduras
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Figure 2: Comparing TUP to other targeting methods - Honduras
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Figure 3: Comparing TUP to other targeting methods - Peru

36



0
.2

.4
.6

.8
1

%
 o

f 
h
o

u
se

h
o

ld
s 

se
le

ct
e

d
 b

y 
ta

rg
e

tin
g

m
e

th
o
d

0 .2 .4 .6 .8 1
Households ranked according to asset index

Random Perfect TUP

Housing index PPI score

Figure 4: Comparing TUP to other targeting methods - Peru

37



0
.2

.4
.6

.8
1

%
 o

f 
h
o

u
se

h
o

ld
s 

se
le

ct
e

d
 b

y 
T

U
P

 t
a
rg

e
tin

g

0 .2 .4 .6 .8 1
Households ranked according to each poverty definition

Random Perfect Consumption

Asset index Vulnerability
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Table A1: Poverty rates among targeted households using different poverty metrics - Honduras

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Poverty metric
Random 

selection

Perfect

targeting

Complete 

 TUP 

targeting

Housing

Index 

targeting

PPI 

targeting

p-value 

(1)=(3)

p-value 

(1)=(4)

p-value 

(1)=(5)

p-value 

(3)=(4)

p-value

(3)=(5)

p-value 

(4)=(5)

Total weekly consumption per adult 

equivalent
52% 100% 59% 63% 62% 0.00 0.00 0.00 0.05 0.16 0.70

Vulnerability to reductions in food 

consumption
52% 100% 60% 60% 59% 0.00 0.00 0.01 0.83 0.72 0.53

Total value of livestock owned 52% 100% 66% 62% 57% 0.00 0.00 0.06 0.03 0.00 0.01

Total cultivated land 52% 100% 61% 57% 53% 0.00 0.05 0.64 0.03 0.00 0.07

Education level of household head 52% 100% 60% 60% 58% 0.00 0.00 0.01 0.82 0.48 0.55

1. This table shows poverty rates among targeted households for each of the targeting methods (column) using different poverty metrics (row). Since the complete

selection process identified the poorest 52%, a household is considered poor according to each of the metrics if it ranks among the 52% lowest scoring households

on the metric.

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<14), and whether the house has a cement

floor, a cement wall, a latrin, and electricity. 0.313 of the overall variation is explained by the first component.

3. The vulnerability to reductions in food indicator is an index created using PCA on 6 variables: Whether an adult reduced/skipped meals, how frequently this

happened, whether an adult went an entire day without eating, how frequently this happened, and whether a child under 16 went a whole day without eating and/or

skipped/reduced meals, and how frequently this happened. 0.612 of the overall variation is explained by the first component.

APPENDIX
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Table A2: Poverty rates among targeted households using different poverty metrics - Peru

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Poverty metric
Random 

selection

Perfect 

targeting

Complete 

TUP 

targeting

Housing 

Index 

targeting

PPI 

targeting

p-value

(1)=(3)

p-value

(1)=(4)

p-value

(1)=(5)

p-value

(3)=(4)

p-value

(3)=(5)

p-value

(4)=(5)

Weekly consumption per adult equivalent 59% 100% 61% 66% 62% 0.46 0.03 0.34 0.07 0.65 0.24

Vulnerability to reductions in food consumption 59% 100% 58% 61% 58% 0.71 0.68 0.81 0.32 0.92 0.39

Total value of livestock owned 59% 100% 72% 58% 57% 0.00 0.80 0.52 0.00 0.00 0.66

Total cultivated land 59% 100% 66% 59% 59% 0.00 0.97 0.92 0.02 0.01 0.88

Education level of household head 59% 100% 63% 60% 67% 0.19 0.81 0.01 0.40 0.09 0.02

1.This table shows poverty rates among targeted households for each of the targeting methods (column) using different poverty metrics (row). Since the complete

selection process identified the poorest 59%, a household is considered poor according to each of the metrics if it ranks among the 59% lowest scoring households on the

metric.

2. The housing index is created using PCA on 5 variables: number of rooms per adult equivalence (1 = adult; 0.5 = child<15), and whether the house has a cement floor,

a cement wall, a latrin, and electricity.  0.264 of the overall variation is explained by the first component.

3. The vulnerability to reductions in food indicator is an index created using PCA on 6 variables: Whether an adult reduced/skipped meals, how frequently this

happened, whether an adult went an entire day without eating, how frequently this happened, and whether a child under 16 went a whole day without eating, and how

frequently this happened.  0.522 of the overall variation is explained by the first component.
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Table A3: Regressions - Honduras

(1) (2)

Group number in 

PWR 

(higher = poorer)

Complete TUP 

targeting

(1=poorest, 0=not 

poorest)

Poverty metrics

Total weekly consumption per adult equivalent (L 100) -0.04 -0.03*

(0.03) (0.01)

Asset index -0.16*** -0.05***

(0.02) (0.01)

Vulnerability to reductions in food consumption 0.00 0.02*

(0.02) (0.01)

Total value of livestock owned (L 10000) -0.04 0.00

(0.05) (0.03)

Total cultivated land (ha) -0.05 -0.03*

(0.04) (0.02)

Education level of household head -0.12*** -0.06**

(0.04) (0.02)

Other covariates

Household size -0.04*** -0.01*

(0.02) (0.01)

Household head under 30 0.05 0.08

(0.10) (0.05)

Household head over 60 -0.12 -0.08

(0.11) (0.06)

Household head is widow(er) 0.23* 0.10

(0.13) (0.06)

Household received transfer from another hh last year -0.06 -0.05

(0.08) (0.04)

Household received support from government last year 0.09 0.01

(0.08) (0.04)

Household received support from NGO last year 0.15 -0.01

(0.10) (0.05)

Household holds savings -0.21** -0.08

(0.10) (0.05)

Household took loan in past 12 months 0.04 0.03

(0.07) (0.04)

Constant 4.47*** 0.96***

(0.17) (0.08)

Number of observations 834 834

1. OLS estimates with robust standard errors. Statistical signficance denoted * = 10%, ** = 5%, *** = 1%.

2. The asset index is created using PCA on 35 binary asset variables indicating whether the household owns each

given asset. 0.105 of the overall variation is explained by the first component.

3. The vulnerability to reductions in food indicator is an index created using PCA on 6 variables: Whether an adult

reduced/skipped meals, how frequently this happened, whether an adult went an entire day without eating, how

frequently this happened, and whether a child under 16 went a whole day without eating and/or skipped/reduced

meals, and how frequently this happened. 0.612 of the overall variation is explained by the first component.
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Table A4: Regressions - Peru

(1) (2)

Group number in 

PWR 

(higher = poorer)

Complete TUP 

targeting

(1=poorest, 

0=not poorest)

Poverty metrics

Total weekly consumption per adult equivalent (10 S) -0.04* -0.03***

(0.02) (0.01)

Asset index -0.06*** -0.03***

(0.02) (0.01)

Vulnerability to reductions in food consumption -0.02 -0.01

(0.02) (0.01)

Total value of livestock owned (1000 S) -0.10*** -0.03***

(0.02) (0.01)

Total cultivated land (ha) -0.11*** -0.04

(0.04) (0.03)

Education level of household head -0.03*** -0.02***

(0.01) (0.01)

Other covariates

Household size -0.03* -0.02**

(0.02) (0.01)

Household head under 30 0.40*** 0.11**

(0.10) (0.05)

Household head over 60 -0.32* -0.22***

(0.19) (0.08)

Household head is widow(er) 0.08 -0.01

(0.11) (0.06)

Household received transfer from another hh last year 0.03 0.03

(0.09) (0.05)

Household received support from government last year 0.26*** 0.12**

(0.09) (0.05)

Household received support from NGO last year 0.17** 0.03

(0.08) (0.04)

Household holds savings 0.16* 0.09**

(0.08) (0.04)

Household took loan in past 12 months 0.04 -0.02

(0.09) (0.04)

Household suffered an income shock in the past 12 months 0.08 0.15***

(0.07) (0.04)

Communal participation index 0.05 0.00

-0.04 -0.01

Number of potential lenders in the community 0.04** 0.03***

(0.02) (0.01)

Number of times attended communal meetings in past 12 months 0.02* 0.01**

(0.01) (0.01)

Self-reported economic status (1-10) -0.01 0.00

(0.00) (0.00)

Constant -0.10*** -0.02

(0.03) (0.01)

Number of observations 3.74*** 0.96***

1. OLS estimates with robust standard errors. Statistical signficance denoted * = 10%, ** = 5%, *** = 1%.

2. The asset index is created using PCA on 51 binary asset variables indicating whether the household owns

each given asset. 0.115 of the overall variation is explained by the first component.

3. The vulnerability to reductions in food indicator is an index created using PCA on 6 variables: Whether an

adult reduced/skipped meals, how frequently this happened, whether an adult went an entire day without

eating, how frequently this happened, and whether a child under 16 went a whole day without eating, and how

frequently this happened.  0.522 of the overall variation is explained by the first component.

4. The community participation index is a standard z-score index, standardizing the scores of 7 variables

related to participation in different community organizations to the control mean.
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