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[bookmark: _Toc342989503]Executive Summary
The purpose of this study is to help AusAID staff, their counterparts in partner governments and others working in the field of social protection to better understand the strengths and weaknesses of a targeting methodology known as the proxy means test (PMT). As social protection practitioners search for effective ways to target poor people in developing countries, proxy means testing has become increasingly popular. The methodology estimates household income by associating indicators or ‘proxies’ with household expenditure or consumption. This study assesses its accuracy, objectivity, transparency and ease of implementation. 
Despite the substantial literature on the PMT there is a dearth of comprehensive analysis. This means that developing country governments—and those advising on social protection—do not have an adequate basis upon which to consider the merits of proxy means testing or assess the methodology against alternatives. ‘Targeting the Poorest’ gives policymakers and those working in social protection information to help them decide whether to use the PMT. It attempts to explain the methodology’s considerable inaccuracy at low levels of coverage and sets out other challenges to its use. The theoretical basis of the methodology and its implementation are examined as are its associated costs. 
Proxy means testing uses multivariate regression to correlate certain proxies, such as assets and household characteristics, with poverty and income. This study assesses regression accuracy in Bangladesh, Indonesia, Rwanda and Sri Lanka and finds that the PMT has high in-built errors, especially at relatively low levels of coverage (20% of the population and below). Exclusion and inclusion errors vary between 44% and 55% when 20% of the population is covered and between 57% and 71% when 10% is covered. 
Part of the reason for this is the imperfect correlation between multiple proxies and household consumption. Additionally, the PMT methodology is based on national household survey data that represent ‘reality’ at one point in time and are inherently inaccurate to varying degrees. Other issues are sampling errors in household surveys and assumptions made in applying the PMT, which increase the arbitrary nature of the methodology yet affect whether individual households receive social protection benefits. 
Implementing proxy means testing presents a number of challenges. Enumerators are not always objective when conducting surveys and do not always have time to verify proxies within households. Some proxies can also be difficult to verify—such as level of education, age and household assets—and interviewees can influence survey results, with children and men not as reliable as women. 
Another challenge of proxy means testing relates to crises and shocks faced by households, including minor ones that are part of every day life. As a result, households that fall into poverty but do not suffer a related change in the household characteristics and assets used as proxies cannot receive social protection benefits. 
The PMT is expensive to administer and has associated social and political costs. There is evidence that it can generate social conflict and stigmatise beneficiaries. Politically the methodology—as with all other forms of poverty targeting—is less likely to be popular because it excludes the middle class and those who are better-off. 
This study’s findings show that the PMT is inherently inaccurate, especially at low levels of coverage, and it relatively arbitrarily selects beneficiaries. It therefore functions more like a simple rationing mechanism that selects some poor and non-poor but excludes large numbers of eligible poor from receiving benefits and support.
‘Targeting the Poorest’ does not provide an in-depth assessment of other targeting methods or formally compare them with the PMT methodology. It suggests, however, that other methods used to develop social protection schemes—which do not directly target poor people—may be better at including intended beneficiaries and avoiding the pitfalls of the PMT. 
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[bookmark: _Toc342989505]1.	Introduction
In recent years there has been significant and increasingly polarising debate over what targeting methodology should be used for social protection programs, including universal methods that target everyone in a demographic category or methods that target just the poor. Within this debate there has been little attention paid to whether targeting methodologies deliver what they set out to achieve. 
Social protection analysts often accept that simple methods, such as universal targeting, are relatively effective largely because their targeting criteria (such as age) can be easily determined. Methods targeting the poor are more complex, especially in developing countries with large informal economies which make it difficult to accurately assess incomes given that, for example, most people do not report how much they earn.
The PMT methodology, originally developed in Chile and designed to address this problem, is briefly described in Box 1. 
[bookmark: _Toc342989051][bookmark: _Toc342989506]Box 1: The proxy means test methodology—a brief description
The PMT is based on national household surveys. Given that household income in developing countries is often difficult and expensive to measure accurately, the methodology relies on household assets and other indicators—or proxies—to estimate household welfare. 
To work, the proxies used need to be easy to measure. They include demographic characteristics (such as age of household members and size of household), human capital characteristics (such as education of household head and enrolment of children in school), physical housing characteristics (such as type of roof or floor), durable goods (such as refrigerators, televisions or cars) and productive assets (such as land or animals). Regressions are run to find the proxies that most correlate with welfare. While individual proxies may be weakly correlated with welfare, multiple proxies show stronger correlations. 
The PMT uses a set of proxies (usually between 10 and 30) that best explain welfare. Each proxy is given a weight based on its estimated impact on household expenditure.
Enumerators visit households to see if they have the proxies being used in the PMT. Then, using the agreed weights, a score is calculated for each household. Households that score below the cut-off point are eligible for the social protection program being considered.
In the past decade proxy means testing has spread across the world and is widely regarded to accurately identify the poor.[footnoteRef:1] The World Bank (2009a:7) recently stated that the PMT has been: [1: 	See, for example, Castañeda and Lindert (2005:40); Grosh et al. (2008:101); Ahmed and Bouis (2002:68); Johannsen (2006:3); and Hanlon et al. (2010:108).] 

… proven to work particularly well in countries with high levels of informality and where personal and household income is difficult to verify with any degree of precision. 
A number of reports comment on the efficacy of implementation, suggesting the methodology is objective[footnoteRef:2] and transparent[footnoteRef:3] and that proxies can be easily measured and verified during household visits.[footnoteRef:4] Overall, most studies portray the PMT as a scientific and technocratic solution to poverty targeting. [2: 	Skoufias et al. (1999:1); Narayan and Yoshida (2005:1); Grosh et al. (2008:100); World Bank (2009c); and Chamberlin et al. (2009). ]  [3: 	Castañeda and Lindert (2005:5); World Bank (2009a;2009b;2009c).]  [4: 	Maluccio (2008), Coady et al (2002:29), Coady et al. (2004).
] 

This study investigates these claims, examining the methodology’s accuracy and the robustness of its implementation. It also looks at the social and political costs associated with proxy means testing. 
This study focuses only on the PMT methodology. It does not examine in detail other targeting methodologies or formally compare them to proxy means testing. It does not suggest ways to improve the PMT but rather assesses its value as a targeting methodology to enable policymakers and others to make informed judgments on the appropriateness of its use.
Some issues faced by the PMT are typical of other poverty targeting methods and some apply to all methodologies. To paint a complete picture of the PMT this study describes some issues the methodology has in common with other approaches, as well as some specific to the PMT alone.
A key aspect of this study is how accurate the methodology is in measuring exclusion and inclusion errors.[footnoteRef:5] An exclusion error is defined as the proportion of those eligible for a social protection program but who are excluded from it as a result of inaccurate targeting. An inclusion error is defined as the proportion of those selected for a program who are not eligible for it. For the purpose of this study the eligible population corresponds to the coverage of the program. So if a program has 10% coverage, it is assumed that those eligible form the poorest 10% of the population.[footnoteRef:6] The measure of inclusion and exclusion errors used in this study will result in the two errors being the same.[footnoteRef:7] [5: 	Across the literature these errors can be defined differently. For example, inclusion errors can mean: a) program beneficiaries not eligible (however eligibility is defined); b) those not eligible for the program but who are beneficiaries; or, c) non-poor who are program beneficiaries. Exclusion errors can mean: a) intended beneficiaries of the program unable to access it; or b) poor unable to access it. In the literature it is often unclear which definition is being used. ]  [6: 	Determining inclusion and exclusion errors with reference to a poverty line and rate that may be higher than the program’s coverage rate does not enable a robust assessment of targeting accuracy. Such an assessment would make it difficult to differentiate between errors due to the methodology with the impact of a limited budget. ]  [7: 	For example, in a program targeted at the poorest 10%, if 40% of those eligible are excluded then the other 40% included must not have been eligible (that is, they are not among the 10% poorest), making both exclusion and inclusion errors 40%.
] 

[bookmark: _Toc342989507]1.1.	Study methodology 
The study’s methodology adopted two approaches. The first was an extensive review of proxy means testing literature. A number of qualitative studies provided insights, especially with implementation challenges. 
The second was an assessment of effectiveness. This tested the methodology using household survey data from Bangladesh, Indonesia, Rwanda and Sri Lanka. In three of these countries a proxy means testing formula was already developed. This study applied these formulae to their respective household survey data. In the fourth country—Rwanda—the PMT formula was developed for this study by replicating the standard practice used elsewhere.
By combining the quantitative and qualitative information gleaned through the two approaches the study paints a detailed picture of the PMT methodology.
[bookmark: _Toc342989508]1.2.	Structure
Section 2 examines quantitative and qualitative evidence on the accuracy of the PMT methodology as used by social protection programs across the world, and the implications of this on communities. 
Section 3 examines the causes of the inaccuracies associated with proxy means testing, assessing whether a national household survey is an appropriate basis for a targeting mechanism and analysing some issues inherent in the PMT’s regression methodology. Section 4 examines the methodology’s relatively arbitrary nature, presenting the results of the literature review and describing how these affect accuracy. Section 5 examines the social and political costs of the methodology and Section 6 concludes the paper.


[bookmark: _Toc342989509]2.	The targeting effectiveness of proxy means testing in practice
There is little robust evidence in the literature on the PMT’s effectiveness after implementation. Most assessments focus on inclusion errors and paint a sketchy picture.[footnoteRef:8] However, one study of Mexico’s Oportunidades (formerly known as Progresa), a program that reaches around 20% of the population, estimated an exclusion error of 70% and an inclusion error of 36% (Veras et al. 2007:2). Another study of a program in Armenia using the PMT saw the better-off benefiting more than the poor.[footnoteRef:9]  [8: 	A well-known assessment of targeting accuracy is the Coady et al. (2004) study examining 85 programs. However, the ranking of programs by targeting accuracy is somewhat misleading because it conflates different maximum scores and does not account for program coverage or exclusion errors. ]  [9: 	Coady et al. (2004). ] 

Another way to assess targeting accuracy is to examine the perception of communities in programs where the PMT has been applied. Studies have shown that communities do not understand why the methodology excludes large numbers of poor and eligible people. The view of one doctor in a community in Mexico typifies this: 
Frankly, I don’t know how they got the data for Progresa because there are families here in this community who are poor, poor. There are large families that do not have support from Progresa and we have proof. I have been here eight years and know the entire community inside-out … and I’ve found that there are many poor people who do not have Progresa and we do not know why they have been left outside the program. (Adato et al. 2000:27)
This sentiment is repeated in other studies of communities that participated in proxy means testing. Qualitative research in Mexico, Nicaragua and Peru indicates that some community members ascribe the omission of poor households to luck or God’s will, describing the PMT methodology as similar to a lottery.[footnoteRef:10] In Mexico’s Progresa program one facilitator remarked: [10: 	Adato (2000); Adato et al. (2000); Adato and Roopnaraine (2004); Huber et al. (2008:49). ] 

What I understand is that when people ask me why they are not in the list, despite being surveyed, I tell them that I don’t know the precise reason but that probably it was a lottery and because it was a lottery, no-one knows who needs it most. (Adato et al. 2000)
Community members—both chosen and rejected—find the omissions of eligible households difficult. In Nicaragua, for instance, one non-beneficiary’s mother described a conversation with her son:
He … well he gets sad because he says, “Look mom, if we were beneficiaries … if you were a beneficiary you could perhaps buy me some shoes”, because right now he has no shoes … So I tell him: “If I were a beneficiary of course you would have your shoes and your clothes already, but you know the reality, not all the women here are beneficiaries, but maybe we become beneficiaries soon, let’s not lose our faith”. (Adato and Roopnaraine 2004:78)
In some communities in Nicaragua and Peru, beneficiary families have held collections to buy school supplies for non-beneficiary families since they are so poor.[footnoteRef:11] One Progresa beneficiary stated:  [11: 	Adato and Roopnaraine (2004:78f); Huber et al. (2008:46).
] 

I feel bad because at times someone I know says to me: “Ay sister! I haven’t got anything to give to my children; and then I think and I say that those of us who are part of Progresa, on the day that they pay us, why don’t we cooperate between all of us, some with soup, others with other things and we make a fund and we give it to those who aren’t in Progresa”. (Adato 2000) 
The few results available on the PMT’s targeting accuracy depict a problematic picture of its accuracy and effectiveness. Sections 3 and 4 examine the reasons for this.


[bookmark: _Toc342989510]3. 	Errors embedded within the regression methodology
The PMT uses information from household surveys to undertake regressions that correlate household assets and household expenditure (or consumption). Assessing the methodology therefore requires examining whether the household survey is a robust tool for targeting and the accuracy of the regressions.
[bookmark: _Toc342989511]3.1.	Household surveys: a robust tool for targeting?
A household survey is designed to measure household consumption, expenditure, income and other factors to assess national wellbeing and poverty levels. It is less suited to form the basis of a targeting mechanism, and to do so would need to provide a better representation of reality. The less accurate it is the weaker the methodology’s foundation becomes—inaccuracies and misrepresentations in a household survey interact with errors arising from the regressions between the proxies and household consumption. 
Two main types of errors exist in household surveys: non-sampling and sampling.[footnoteRef:12]  [12: 	Sampling errors are due to observing a sample of the population rather than the whole population. Non-sampling errors are due to all other types of errors.
] 

Non-sampling errors are incorporated into household surveys in many ways. For example, these surveys:
· assume households are static entities, when in reality they can be dynamic and changeable—even during a survey period—making it challenging at times to define exactly who is a household member[footnoteRef:13] [13: 	See, for example, Beaman and Dillon (2010) for an analysis of the impact of household definitions on welfare measures, and Udry (1996) on the operational difficulties of implementing the ‘common pot’ definition.
] 

· can miss certain types of households (in particular the very rich and very poor)[footnoteRef:14] and certain types of household members (such as those residing temporarily like migrants or children in boarding schools) [14: 	Narayan and Yoshida (2005) demonstrate how two household surveys conducted in Sri Lanka are not comparable.
] 

· do not always accurately represent certain types of households, such as homes to people with disability 
· include inaccurate information supplied by respondents[footnoteRef:15]  [15: 	Consumption is often understated and a 5% understatement can translate into a 10% overstatement of the poverty head count. The way questions are asked also matters. In a 1993-–94 household survey in Cambodia per capita consumption was measured as 2262 riels. In a 1999 survey it was only 1799 riels, despite robust economic growth, according to Haughton and Khandker (2009:22-24;83).
] 

· adopt different approaches to survey design, which can influence the accuracy of reporting on consumption.
Inaccuracies are inherent in household surveys due to sampling error; for example, samples are relatively small, often between 2000 and 10 000 households. While all results have an inherent margin of error and ideally should be presented with caution, this is rarely done (Haughton and Khandker 2009:13).
The quality of results from household surveys depends not only on sampling and non-sampling errors, but also on the methodological choices made when analysing data. Key decisions involve: what to include in the measure of household consumption[footnoteRef:16]; adjustments made for the consumption of children compared to adults; and if and how to take account of economies of scale in the household. Other issues relate to the level of detail in the questionnaire, the accuracy of reporting and the extent of missing variables, all of which require analysts to make assumptions.[footnoteRef:17] [16: 	Durable goods, such as cars, bicycles and televisions, can be problematic. Haughton and Khandker (2009:25) point out that consumption should build in depreciation and only include the amount of such goods consumed during the survey year, although this is difficult to calculate and so is often ignored. Researchers also rarely include the value of publicly provided goods and services—Haughton and Khandker (2009:17).
]  [17: 	Deaton and Zaidi (2002) discuss the challenges in analysing household consumption.] 

Methodological choices and analyst assumptions also influence results. One example relates to the choice to use equivalence scales. Household surveys are designed to estimate consumption of entire households. To determine individual welfare, household consumption is divided by the number of people in the household.[footnoteRef:18] Because not everyone in a household consumes the same (young children, for example, consume less than working adults) different members can be given different weightings, called equivalence scales. Using such scales can lead to different results, as illustrated in Box 2. Another example illustrating this is the World Bank’s (2002:129) analysis of the 1998–99 Pakistan Integrated Household Survey, which estimated a poverty rate of 26.9% using an equivalence scale of 0.8 compared to a poverty rate of 32.6% without an equivalence scale.[footnoteRef:19] [18: 	In reality, household surveys cannot accurately assess individual households because the intra-household distribution of wealth and income is unknown. It is more accurate to say such surveys can calculate the per capita poverty levels of households within which specific categories of people live.]  [19: 	Using an updated dataset for Pakistan (the 2007–08 Pakistan Social and Living Standards Measurement Survey and Household Integrated Economic Survey) Kidd, Wylde and Tiba (2010) calculated a poverty rate of 25.1% without equivalence scales, 17% with an equivalence scale of 0.8 for children, and 7% with an equivalence scale of 0.5 for children.] 

[bookmark: _Toc342989057][bookmark: _Toc342989512]Box 2: Equivalence scales: impact on household survey results
Imagine a household of two adults with four children aged 0 to 15 years of age, with a household consumption of $1200 a year in a country where the per capita poverty line is $250 a year. If no equivalence scales are used, the consumption of each individual in the household would be $200 a year and the household would be below the poverty line. If, however, an equivalence scale of 1 were applied for adults and 0.5 for children 0 to 15 years of age, then the consumption of each individual would be $300, making the household apparently 50% better off and no longer poor.
As well as influencing poverty estimates, equivalence scales can change how types of households are ranked on relative poverty. Lanjouw et al. (1998), for example, assessed poverty rates in seven countries in Eastern Europe and the former Soviet Union: without equivalence scales the elderly were found to be better off than average while households with more than two children were poorer than average. A small change in equivalence scales reversed these rankings. 
There is no correct answer on equivalence scale choice.[footnoteRef:20] Best practice is to conduct thorough sensitivity analyses on equivalence scales so analysts are aware of the effects of their assumptions and can ensure data interpretations are robust. Much of the poverty analysis feeding into proxy means testing lacks this analysis. [20: 	Deaton (1997:241–268) discusses the theoretical and empirical issues involved. Similar challenges arise in the choice of how to deal with economies of scale in household survey analysis; for example, it is cheaper per capita to house a couple than to house two individuals separately. Haughton and Khandker discuss this more fully (2009:27ff;89ff) and Anand and Morduch (1996) discuss the significant role of economies of scale in measuring consumption in Bangladesh.
] 

A further concern with household surveys as a basis for the PMT is the use of consumption or expenditure as the basis for determining household wellbeing. This is not problematic when the household survey is measuring poverty, as it is usually accepted that consumption and expenditure are better reported than income in developing countries and may be a more accurate wellbeing measure. Means tests, on the other hand, should measure a household’s capacity to care for itself, as determined by income rather than consumption. Yet a PMT’s accuracy depends on the correlation between the proxies and consumption or expenditure, and the inaccuracies this leads to are impossible to measure.
This discussion does not undermine household surveys as useful instruments for measuring welfare, but they are only approximations of reality. As Haughton and Khandker (2009:34) point out: 
There is no ideal measure of well-being; all measures of poverty are imperfect. This is not an argument for avoiding measures of poverty, but rather for approaching all measures of poverty with a degree of caution.
According to the literature, it is rare that the accuracy of the household survey upon which a PMT is based is assessed. Consequently, a key concern is whether PMTs are being promoted with sufficient caution, or whether their accuracy is in danger of being oversold.[footnoteRef:21]  [21: 	For example, the World Bank (2009a:37) notes that in Bosnia two household surveys produced different outcomes in PMTs. Neither was ‘correct’ since both included some degree of inaccuracy.] 

[bookmark: _Toc342989513]3.2.	Designing the proxy means test: errors in modelling poverty
For proxy means testing to be accurate, the regressions it uses to determine proxies and their respective weightings need to be accurate. To test this, this study undertook simulations on household surveys using data from Bangladesh, Indonesia, Sri Lanka and Rwanda. The first three countries were chosen because the PMT methodology had already been developed and was accessible. Rwanda enabled the study to examine a low-income African country, and although a PMT formula or analysis did not exist simulations were created based on the approach used in the three other countries. 
Within the household survey data there are hundreds of potential proxies. Through regression analysis the PMT methodology aims to identify the proxies most correlated with poverty that can easily and accurately be assessed when visiting households during the targeting survey (Annex 1 details the methodology for calculating PMT scores). The selected proxies tend to be broadly similar across tests, as indicated in Annex 2, which sets out the proxies used in the four study countries. 
This section presents the simulation results, discusses the accuracy of the PMT regression analysis and errors inherent in the regressions, and examines the impact of assumptions and sampling errors. 
[bookmark: _Toc342989514]3.2.1. Accuracy of proxy means test regression analysis
The study assessed PMT accuracy against household survey data at different cut-off levels. In the literature PMTs are commonly assessed against relatively high population coverage of 20% to 40%, but in developing countries (with limited program resources) assessing lower levels of population coverage (below 20%) is more realistic. Assessment results are set out in Figure 1.


Figure 1: Exclusion and inclusion errors with the PMT at different cut-off levels 
[image: Bar chart of exclusion and inclusion errors with the PMT at different cut-off levels.
Errors of inclusion/exclusion on y-axis from 0% to 100%.
Cut-off level on x-axis.
Values from 27% to 75%.
Bangladesh, Rwanda, Sri Lanka and Indonesia are represented.]
Targeting errors increase the lower the cut-off level (that is, the smaller the size of the program). In Bangladesh, for example, errors of inclusion and exclusion increase from 46% to 61% when program size is halved (that is, by targeting the poorest 10% rather than 20%). In Indonesia the increase is from 55% to 71%. Even at higher levels of coverage, the theoretical targeting errors are large. Figure 1 indicates errors of between 35% (Bangladesh) and 43% (Indonesia) at 30% coverage.[footnoteRef:22]  [22: 	The researchers also analysed theoretical errors in Pakistan and found similar results. At 10% coverage, the exclusion error would be 67%, at 20% coverage it would be 50%, and at 30% coverage it would be 42% (Kidd, Wylde and Tiba 2010). A recent analysis of Nepal’s PMT indicated similar errors (Kidd et al. 2011).
] 

Taking this analysis a step further, Figure 2 shows the distribution of exclusion and inclusion errors that would be found at cut-off levels between 0% to 100% of the population in Bangladesh and Rwanda. At coverage below 10% theoretical errors are high and achieving inclusion and exclusion errors below 30% would require targeting at least the bottom 35% to 50% of the population. The pattern is similar in Indonesia and Sri Lanka.


Figure 2: Exclusion and inclusion errors with the PMT at different cut-off levels: Bangladesh and Rwanda
[image: Bar chart of exclusion and inclusion errors with the PMT at different cut-off levels: Bangladesh and Rwanda.
Errors of inclusion/exclusion on the y-axis.
Cut-off level on x-axis.
Values from 90% to 1% with Rwanda having marginally geater values from 25 to 75.]
Another way of viewing performance is to examine scatter plots comparing household ranking in the poverty distribution to their ranking using the PMT score. As Figure 3 indicates for Indonesia and Bangladesh, there is a broad scatter of households across the graph indicating poor targeting. The large number of households incorrectly excluded and included at 20% coverage can be observed in the top left and bottom right-hand quadrants.



Figure 3: Scatter plots from Indonesia and Bangladesh indicating predicted versus actual poverty rankings using a target cut off of 20% 
[image: Scatter plots from Indonesia and Bangladesh indicating predicted versus actual poverty rankings using a target cut off of 20%.
Indonesia - PMT percentile on x-axis from 0 to 100, Actual percentile on x-axis from 0 to 80.
Bangladesh - PMT percentile on x-axis from 0 to 1, Acutal percentile on y axis from 0 to 1.
Concentration of scatter in a diagonal, upwards trend for both plots.
]
A key finding is that the magnitudes of errors are consistent across all four countries, reflecting problems with the PMT approach rather than with its application in a given country.[footnoteRef:23] The errors found in this study are broadly consistent with those found by other analysts. For example, in Sri Lanka, Narayan and Yoshida (2005:17) found an exclusion error of 43% at 30% coverage, and in Bosnia and Herzegovina the World Bank (2009a:36) found an exclusion error of 45% at 20% coverage. Divergences in reported findings from this pattern result from differences in the methodology used (Annex 3 explains in detail). [23: 	This is not to say targeting would not improve if more accurate regression models were used, since the ordinary least squares regressions employed in PMTs are somewhat simplistic. The IRIS Center (2005; 2008) has shown that methods such as two-stage, quantile, linear probability, and variance ratio can result in higher accuracy, particularly at the poorer end of distribution. This study does not assess the PMT against more accurate models, but encourages a richer discussion of implementation on the ground. 
] 

[bookmark: _Toc342989515]3.2.2. Understanding errors inherent in proxy means test regressions
A number of reasons explain inaccuracies in the PMT targeting. Underlying them is that regressions rarely explain more than half of the variation in consumption between households (Coady et al. 2004:54). 
The R-squared can be used to measure regression accuracy, with a perfect fit producing a score of 1. With the Bangladesh PMT it is 0.56, Rwanda 0.44, Indonesia 0.37 and Sri Lanka 0.57.[footnoteRef:24] These fairly typical results are found elsewhere in the world where R-squared values vary between 0.3 and 0.6.[footnoteRef:25] The question is whether this is a strong enough basis upon which to build a case for using the methodology. [24: 	The R-squared provides a measure of the explanatory power of the model. In technical terms it is the fraction of the variation in the dependent variable explained by the independent variables. The regression results this study obtained for Bangladesh are consistent with those found by Sharif (2009) as the same variables and same dataset were used.
]  [25: 	In its simulation of a PMT for Bosnia the World Bank (2009a) found an R-squared result of 0.488 for its model, and for comparison provides R-squared results for other countries: Armenia, 0.2; Georgia, 0.62; Russia, 0.58; Sri Lanka 0.59. Ahmed and Bouis (2002) calculated an R-squared result for their work in Egypt of 0.43 and stated that R-squared values in Latin America ranged from 0.3 to 0.4. 
] 



Figure 4: Distribution of actual versus predicted values of proxy means test scores
[image: Four line graphs of distribution of actual versus predicted values of proxy means test scores for Rwanda, Bangladesh, Sri Lanka and Indonesia.
Log per capita consumption and PMT score on y-axis on all four graphs.
Cumulative per capita consumption and PMT score on x-axis on all four graphs.
Each graph has sideways S trend from 0 on x-axis.]
One concern with PMT regressions is the challenge of undertaking modelling among the poorest. Figure 4 shows the cumulative distribution of predicted PMT scores (red lines) across the cumulative distribution of actual consumption (blue lines) from poorest to richest. In Rwanda and Sri Lanka the actual and predicted distributions diverge at the left (poorer) tail—which they also do, to a lesser extent, in Bangladesh. In Indonesia they diverge throughout the distribution. This is partly because the methodology is inherently less capable of reflecting the same degree of variation simply because it includes only a few variables of those available in the full consumption measure. The PMT scores are therefore flatter in shape—there is little to distinguish the households at the left of the distribution from each other.
The second aspect of poor performance is the extent to which the PMT score for individual households reflects actual ranking in the consumption distribution. Figure 5 shows that PMT scores do not perform well in distinguishing between poor households. So the PMT performs the weakest at the point where it would be expected to find the best correlation between assets and consumption.[footnoteRef:26]  [26: 	IRIS (2005) found similar performance of traditional PMT models (ordinary least squares) at identifying the very poor, which they refer to as ‘poverty accuracy’.
] 



Figure 5: Actual versus predicted values of proxy means test scores for Bangladesh, Indonesia, Rwanda and Sri Lanka
[image: Four line and dot graphs of actual versus predicted values of proxy means test scores for Bangladesh, Indonesia, Rwanda and Sri Lanka.
Log per capita consumption and PMT score on y-axis on all four graphs.
Cumulative per capita consumption and PMT score on x-axis on all four graphs.
Each graph has sideways S trend from 0 on x-axis.
]
Another issue is whether some assets are measured accurately. With the PMT, choices are made on how to treat particular assets because asking households for greater detail may prove difficult. For example, a survey may require a ‘yes’ or ‘no’ answer on whether households possess animals, but it may not ask about the number of animals. Huber et al. (2008:46) note this issue among community members in Peru’s Juntos program. This lack of detail influences the accuracy of PMT results if, for example, a household with one cow is treated the same as a household with 100 cows.[footnoteRef:27] [27: 	It is likely to be related initially to problems in the original PMT analysis and design, when analysts decide how to interpret data to specify formulas and determine which questions will be asked in the PMT ‘scorecard’ surveys during implementation. 
] 

The literature on PMTs often focuses on inclusion errors, possibly because minimising ‘leakage’ to non-eligible households is considered to be of greater importance. It may also be because the methodology performs poorly in terms of exclusion errors. Where a cut-off line is below the poverty line most theoretical errors of inclusion are from households that, while not in the poorest target population, are nevertheless still poor. The location of inclusion errors for Bangladesh households is demonstrated in the left-hand graph of Figure 6, with most errors falling between the 20th percentile of consumption and the 40th (the upper poverty line). Focusing below the horizontal cut-off line might persuade policymakers that the PMT is accurate enough to serve as a basis for targeting, and any incorrectly selected beneficiaries are still poor households, albeit not extreme poor.
This all obscures the fact that the majority of the target population and those in the poorest 40% remain above the cut-off line, as indicated in Figure 6 (right-hand graph), and would be excluded from program benefits. In this example a PMT targeting the poorest 20% will reach 46% of the targeted poorest quintile and 42% of the ‘poor’. Although the PMT seems to identify the poorest, in this case it functions as a de facto rationing device, arbitrarily selecting between poor and extreme poor households.


Figure 6: Per capita consumption versus proxy means test scores by household, Bangladesh
[image: Two scatter plot graphs of per capita consumption versus proxy means test scores by household, Bangladesh. Additional note: The focus of errors of inclusion in PMTs places all the attention below the cut-off line. This diverts attention from the equally eligible households excluded because they fall above the line.
PMT score on the y-axis from 600 to 800 on both graphs.
Per capita consumption on the x-axis from 0 to 2000 on both graphs.
Concentration of scatter in a diagonal, upwards trend for both plots.
]
[bookmark: _Toc342989516]3.2.3. Impact of methodological choices
The methodological choices made in applying the PMT have an impact on targeting performance. This study examines three key choices: 
1. selection of equivalence scale
2. ways in which missing variables are treated in the household survey (for example, when data is absent due to non-responses, incorrectly completed questionnaires or errors in data entry)
3. decisions over which variables to include.
To examine each choice, alternatives were modelled using cut-off values (targeting 5%, 10%, 20% etc.). Overall, the choice made did not change inclusion and exclusion errors at the aggregate level, but the selection of individual households changed markedly. When testing the choices at a given cut-off value some households were:
· included in both scenarios (correctly or incorrectly, but consistently)
· excluded in both scenarios (correctly or incorrectly, but consistently)
· treated inconsistently by being included in one scenario but excluded in the other. 
This inconsistency is due to methodological choices that help determine PMT scoring formulas. Households score differently—and are ranked differently—depending on the formula used. This then affects eligibility for social protection programs.
As outlined in Section 3.1, the choice of equivalence scale can have a major affect on the way household-level poverty is conceived and quantified. To assess the degree of impact the study used two scenarios: one without equivalence scales and one using an equivalence scale of 1 for adults and 0.5 for children.[footnoteRef:28]  [28: 	0.5 for children means children are assumed to require half the consumption of an adult. This does not imply any particular merit for an equivalence scale of 0.5 for children and is used for illustrative purposes.
] 

Figure 7 shows these scenarios at 10% and 20% cut-off levels for Bangladesh, Indonesia and Rwanda. The number of households in the target populations treated differently is examined. More comprehensive results against a range of cut-off levels are in Annex 4. 


Figure 7: Percentage of households in targeted populations treated differently depending on the use of equivalence scales at 10% and 20% cut-off levels
[image: Percentage of households in targeted populations treated differently depending on the use of equivalence scales at 10% and 20% cut-off levels.
Percentage of households treated differently on y-axis from 0 to 18.
Rwanda, Bangladesh and Indonesia represented on x-axis with 10% cut off and 20% cut off. Values from 8% to 17 %.]

The impacts on the target group were relatively high. In Rwanda and Indonesia between 8% and 12% of households were treated differently, while in Bangladesh the number reached more than 16%. When combined with normal regression errors only a small proportion of the target population is identified correctly in both scenarios. This is illustrated in Figure 8 using results from Bangladesh, which shows the proportion of target households at coverage levels of 5%, 10% and 20% that are identified correctly using the two equivalence scales. At 5% coverage, only 20% of households in the poorest 5% of actual (per capita) consumption are included under both per capita and 0.5 equivalence scales, whereas 67% are excluded under both scenarios and 13% are included in one but not in the other.


Figure 8: Proportion of target households correctly identified in Bangladesh using two equivalence scale scenarios (per capita and 0.5) at three cut-off levels (5%, 10%, 20%)
[image: Bar chart of proportion of target households correctly identified in Bangladesh using two equivalence scale scenarios (per capita and 0.5) at three cut-off levels (5%, 10% and 20%).
Percentage of households on y-axis from 0 to 80.
5%, 10% and 20% cut off on x-axis with categories of "included in both", "excluded in both" and "treated differently".
Values range from 12% to 67% approximately.]
Another critical choice is how to deal with missing variables in household survey data. Ideally strong survey design, implementation and data entry practices minimise the number of non-responses recorded in the dataset, but in practice the number can be significant. A decision must therefore be made to impute values to non-responses or treat them as missing, impacting on the estimated values of the coefficients in the regression and hence on the weights used in the PMT score. 
Missing variables were problematic with the Sri Lanka data due to the number of missing values for key variables in the PMT regression. This was largely related to asset holdings, where the data should have indicated if a household owned the asset, but in practice for many households the dataset does not have any information. To demonstrate this, the number of observations that ignored missing values is 5619, whereas the number of observations included if all missing variables are treated as ‘missing’ is 344.[footnoteRef:29] In other words, removing the observations with missing variables means that only 344 households have information on all variables used in the model.  [29: 	This compares with the regression used by Narayan and Yoshida (2005) which had 5257 observations. Although the current study’s results with 5619 observations are similar, there are expected differences in formula weights relating to assumptions about how to treat missing variables and which households to include or drop from the model.
] 

Instead of dropping observations with missing values, analysts can choose to impute a value, often the mean or median. In the case of the PMT regression variables, however, a zero value is more appropriate since the missing value is more likely to signify that the household did not own an asset (for example, in the case of landholding, tractor ownership and durable goods). In the context of dummy variables (where a household does or does not possess an attribute), the median or mean value is not that meaningful and would overstate ownership of the assets involved (since the means and medians will always be larger than zero). 
This study ran a sensitivity analysis that compared the affects on households of treating all values as zero with treating all values as zero and tractor ownership and landholding size as missing, respectively. There is a relatively large impact on how individual households are affected even though aggregate targeting errors were fairly consistent across scenarios. As Figure 9 illustrates the treatment of landownership is significant, since this variable has a large weight in the original model. For example, at a cut-off value of 10%, 20% of households in the poorest decile of the target population are treated differently, as are 18% of the target population using a cut-off value of 20%. When the tractor variable is treated as missing, impacts are also large, with only 523 observations in the model.
Figure 9: Percentage of households in targeted populations treated differently depending on the treatment of missing variables at 10% and 20% cut-off levels, Sri Lanka
[image: Bar chart of percentge of households in targeted populations treated differently depending on the treatment of missing variables at 10% and 20% cut-off levels, Sri Lanka.
Percentage of households treated differently on x-axis.
10% and 20% cut off on x-axis with categories of "Tractor missing" and "Landowning missing".
Values are from 0 to 20 percent.]
A further methodological choice made is which variables to include in the PMT regression. This issue arose in the Indonesia example for which this study used another dataset—the Indonesia Family Life Survey 4 (IFLS4) from 2007–08—that has a different questionnaire and sampling design from that used for targeting purposes in practice (the Susenas dataset). The IFLS4 represents about 80% of the population nationally but contains a wider variety of household asset variables than the Susenas does. The Susenas dataset, however, has the advantage of being representative down to the district level and it covers the entire country.[footnoteRef:30] [30: 	Atypically the PMT formulas used by Indonesia’s cash transfer program are different for each district.] 

The study’s base model is the one coming closest to that used by the PMT program employing the Susenas dataset.[footnoteRef:31] This was then compared to the base model with two further variations. The first adds household variables commonly used in other countries (for example, assets such as a refrigerator, television and jewellery) and an educational variable. The second variation adds variables on household living conditions (such as if there is stagnant water around the house or if the kitchen is outside) and whether the household has suffered a shock (for example, loss of household member or injuries).  [31: 	However, the set of community variables (the existence of health and educational facilities) is slightly smaller as there is no direct equivalent in the IFLS4 dataset.
] 

The overall targeting errors are similar to the base model, which is not surprising since the comparison models have similar goodness of fit (as measured by the R-squared values).[footnoteRef:32] However, as Figure 10 indicates for Indonesia, the impact at the household level is significant, with 11% to 13% of the target population being treated differently.  [32: 	The study’s original model has an R-squared of 0.374, the ‘asset model’ has an R-squared of 0.403, and the asset extra model has an R-squared of 0.405.] 

Figure 10: Percentage of households in targeted populations treated differently depending on the variables used in the proxy means test regression, Indonesia 
[image: Bar chart of percentge of households in targeted populations treated differently depending on the variables used in the proxy means test regression, Indonesia.
Percentage of households treated differently on x-axis.
10% and 20% cut off on x-axis with categories of "Assets" and "Assets extra".
Values are from 0 to 14 percent.]
These three scenarios show how PMT results are affected not only by household-level data but also by methodological choices. One choice is not better than another, although the decision in the original analysis in Bangladesh, Sri Lanka and Indonesia not to compare the affects of using equivalence scales was arguably problematic. The key point is that crucial choices, even seemingly minor ones, need to be given adequate consideration because their impact on results can be high and the implications should be presented to policymakers.
[bookmark: _Toc342989517]3.2.4. Sampling errors: impact on proxy means testing
Sampling errors raise further implications for PMT accuracy. As discussed in Section 3.1, surveys can only provide estimates of values based on a sample. Their precision can be calculated so that each coefficient in the regression model (that is, the weights in the PMT formula) can be understood as falling within a range. 
Two scenarios, one using values at the lower bound of the 95% confidence interval and one at the upper bound, show the impact on households when different weights within a range are used. In other words, there is 95% confidence that the values for the coefficients lie between the lower and upper bound. 
Although these scenarios fall within a narrow confidence interval, the impact on individual households is significant, as shown in Figure 11 for Rwanda, Bangladesh and Sri Lanka. The scenarios model the impact on the target population at coverage levels of 10% and 20%. They show that between 7% and 11% of the target populations were treated differently depending on whether the lower or upper bound of the sampling error was considered. 


Figure 11: Percentage of households in targeted populations treated differently when the lower or upper bound of the confidence interval on regression coefficients is used 
[image: Two bar charts of percentge of households in targeted populations treated differently when the low or upper bound of the confidence interval on regression coefficients is used.
Percentage of households treated differently on x-axis in both charts.
10% and 20% cut off on x-axis in both charts with categories of "Rwanda", "Bangladesh" and "Sri Lanka" in both charts.
Values are from 7 to 11 percent.]



[bookmark: _Toc342989518]4.	Implementing proxy means testing: issues with practice
Once the PMT scoring system is developed, implementing it presents a number of challenges, and its theoretical targeting accuracy should not be substituted for actual accuracy. Some PMT assessments assume ‘perfect implementation’ and therefore produce simulated results that perform better than what is achieved in reality.[footnoteRef:33]  [33: 	Examples include Araujo and Carraro (undated); Narayan and Yoshida (2005:13); Jalan and Murgai (2006); World Bank (2005:17f,71); and World Bank (2009a), although the latter acknowledges its assessment assumed perfect implementation. ] 

As with all poverty targeting, implementing proxy means testing can result in some level of error. For example, in Mongolia theoretical exclusion errors were 42% and inclusion errors were 38%. Following implementation, the real errors were 21% and 57% respectively.[footnoteRef:34]  [34: 	Hodges et al. (2007). The reduction in the exclusion error resulted from a significant (but unintended) expansion in coverage due to weak program implementation and not from an improvement in targeting.
] 

Few studies evaluate how well the PMT is implemented, although one qualitative study (GHK Consulting Limited 2009) examined the pilot phase of a PMT in Pakistan’s Benazir Income Support Programme. This study, as well as research conducted in Mexico, Peru and Nicaragua, and Castañeda and Lindert’s (2005) overview of implementation in Latin America, document a range of implementation challenges. 
This section examines how errors can be introduced at each implementation stage and shows that, as with other poverty targeting methods, proxy means testing is difficult to implement well.
[bookmark: _Toc342989519]4.1.	Finding the beneficiaries
To minimise PMT’s exclusion errors all potential beneficiaries need to be surveyed, but this is not easy, especially among the poor.[footnoteRef:35] Proxy means testing employs two methods to identify beneficiary households. The first—a census method—aims to visit every household. In the second—an on-demand survey—applicants visit centres or offices to register, with enumerators often subsequently visiting houses to verify information.  [35: 	Orozco and Hubert (2005:8) note the poor are often the most difficult to register. Coady et al. (2002) argue that insufficient attention is given to poor people not registering for programs and there is a need to increase outreach programs.
] 

[bookmark: _Toc342989065][bookmark: _Toc342989520]Census method
Although the census method aims to visit every household, this does not guarantee complete coverage for reasons that vary from country to country. For example, people may not be at home when enumerators arrive and enumerators may not be able or willing to return.[footnoteRef:36] In Pakistan enumerators often found maps confusing and could not find some households and did not enter some areas for security reasons or because households were too far away (GHK 2009). In Colombia, municipalities prioritised easier-to-reach areas to reduce costs (Castañeda and Lindert 2005:11,13). In other cases households refuse to participate: in Mexico some people hid from census enumerators, concerned about giving authorities personal information (Adato et al. 2000); in Peru some evangelical communities boycotted the census, provoked by preachers that the coding would label them as ‘the Anti-Christ’ (Huber et al. 2008:48).  [36: 	Adato et al. (2000); Adato and Roopnaraine (2004:16); Huber et al. (2008:46f). In Pakistan enumerators ran out of forms and never returned (GHK 2009).
] 

[bookmark: _Toc342989066][bookmark: _Toc342989521]On-demand survey method
On-demand surveys are often used to reduce costs but can result in higher exclusion errors (Castañeda and Lindert 2005:4). In urban Mexico, 51% of eligible urban households did not register for Progresa (Coady and Parker 2005). 
The success of on-demand surveys depends on the quality of outreach programs—people need to know that they need to register. In Mexico outreach program quality carried out by municipalities varied.[footnoteRef:37] Around 25% of eligible households did not hear about the on-demand survey and up to a further 14% did not know where to register.[footnoteRef:38] In Pakistan the quality of outreach also varied and lack of community awareness affected enumeration quality.[footnoteRef:39] [37: 	Coady and Parker (2005:5); Orozco and Hubert (2005:3). Peru’s Juntos program did not organise an information campaign and, as a result, many families were unaware of its purpose (Huber et al. 2008:48).]  [38: 	Coady and Parker (2005:22) have demonstrated how higher quality communication campaigns are associated with greater participation in urban Mexico. ]  [39: 	In Pakistan an effective information campaign was considered ‘essential’ for the Benazir Income Support Programme to succeed, but the national radio and television awareness campaign was weak and the evaluation team did not know it existed (GHK 2009: 87f).] 

Another issue with on-demand surveys is the need for household members to get to registration centres. In some cases centres are far away or expensive to travel to. In urban Mexico households with a car had a higher chance of being accepted on to the program, presumably because car owners could more easily travel to registration centres (Coady and Parker 2005:26). 
As with other targeting methods another challenge relates to households obtaining the correct documents to be allowed into the program.[footnoteRef:40] This may have contributed to the regressive nature of the PMT in Armenia (Coady et al. 2004). Language can be a barrier for Indigenous people—some households in Mexico were excluded from Progresa because they did not speak Spanish (Coady and Parker 2005:26; Adato et al. 2000).  [40: 	Coady et al. (2004:70); Huber et al. (2008:49); GHK (2009); Hannigan (2010). In Mongolia, 26% of poor households that did not apply for access to the child money program cited lack of documents as the reason. Obtaining these documents can impose fees, fines and opportunity costs (Hodges et al. 2007:31). 
] 

[bookmark: _Toc342989522]4.2.	Capacity of enumerators
Training enumerators to be good at what they do and to work consistently is important to proxy means testing. Capacity varies, however, and can be an area of weakness. 
Castañeda and Lindert (2005:13) note that ‘the quality of human resources can significantly affect the interview process.’ In Pakistan, for example, training the organisations sub-contracted to conduct surveys lasted one day and was not considered consistent or adequate (GHK 2009:55,65f,80). This likely had implications for quality at other levels because the program used a system of cascading training. Training the large number of enumerators needed to conduct a survey can also be challenging, with one Pakistan survey method requiring 148 000 staff to be implemented nationally. 
PMTs can also be administratively demanding. While some countries have stronger administrative capacity, engaging sufficient personnel with the right skills can still be challenging. Although willing to provide training, Chile, for example, could not source enough qualified enumerators to run its PMT (Grosh and Baker 1995). 
Another issue is enumerator honesty. In Mongolia one study euphemistically noted ‘large anecdotal evidence that documents the subjectivity of the process’ (World Bank 2006:3). Bribery concerns in connection with proxy means testing have been noted in Chile despite its civil service’s good reputation (Grosh and Baker 1995). In Pakistan local enumerators surveyed friends and relatives, a conflict of interest (GHK 2009:117,123).
Better supervision helps improve enumerator performance (Castañeda and Lindert 2005:6), although supervisors can face excessive demands, especially when budgets are constrained. In Pakistan supervisors were expected to quality control every questionnaire at the end of each day. This meant reviewing up to 300 questionnaires from up to 10 enumerators daily (GHK 2009:54f,140,171). 
Enumerator work load and the physical strain of interview conditions can be demanding and incentive payments can drive enumerators to complete as many surveys as possible in a day, potentially compromising quality. In Costa Rica and Pakistan enumerators struggled to visit households due to the heat and in the latter some had to be replaced (GHK 2009:71,112,17; Viquez 2005:22). Despite this enumerators in Pakistan conducted more than double the expected number of interviews (GHK 2009:61). 
Enumerators who are not adequately trained or who are rushed to meet targets are less able to deal with issues that arise during surveys. In Pakistan some enumerators found it difficult to identify the household; while officially defined as a group of people sharing a cooking pot, some enumerators conflated it with a married couple.[footnoteRef:41] Other challenges were knowing how to deal with households with migrant workers, seasonal workers, the status of livestock held but not owned, and the position of servants in better-off households.  [41: 	GHK (2009). A similar situation was also noted in Nicaragua (Adato and Roopnaraine 2004:69).] 

In Costa Rica, Mexico and Peru enumerators changed survey results or used their own judgment to make decisions on eligibility when it was clear that the PMT result was incorrect (Orozco and Hubert 2005:24; Viquez 2005:19; Huber et al. 2008:46f). While this may have been for the right reasons, it has the potential for corrupt practice.
[bookmark: _Toc342989523]4.3.	Verifying indicators
Part of PMT’s attraction is the assumption that proxies can be easily observed and verified. In theory this reduces the chance that households will supply false information. In reality observing and verifying proxies, including age, education and occupation, is not always easy. Often people do not have birth certificates, they can easily under-report their education and provide false occupational information. Productive assets, such as livestock, land size and land ownership, can be difficult to verify and durable goods, if relatively small, can be removed from the house during inspections (Narayan and Yoshida 2005). In Mexico verifying whether a car parked outside a person’s house actually belonged to them was not always possible, with some claiming they did not own the car but rather were looking after it (Adato et al. 2000).[footnoteRef:42] In Palestine the Ministry of Social Affairs estimates that half of households gave false answers to its initial PMT survey.  [42: 	Coady and Parker (2005:33) suggest that reporting false information could be a problem in Mexico. In rural Mexico households that exaggerate their wealth for fear of being stigmatised may also exaggerate their poverty once they see the rewards of joining the program (Adato 2000).
] 

Visiting houses to verify proxies is critical to proxy means testing success although this is not automatic (Viquez 2005:22). In Armenia the PMT was regressive and one reason may have been the absence of household visits (Coady et al. 2004). In Pakistan enumerators only entered 31% of houses (GHK 2009:115), and in both Pakistan and Peru there is evidence that some people were interviewed in the street without household verification (Huber et al. 2008:45; GHK 2009). 
Most PMT household surveys take about 20 minutes with longer interviews significantly increasing implementation costs and shorter ones compromising verification quality. In most cases in Pakistan enumerators did not verify proxies through observation, probe answers or cross-check information. Respondents sometimes provided information on other households and data was collected by text or phone (GHK 2009). 
Assuming that proxies are easy to verify can be a significant weakness and lead to insufficient rigour during household visits. In urban Mexico households answer questions on proxies well in advance of a home visit and therefore have time to change matters before the enumerator arrives (Orozco and Hubert 2005:20). That households may manipulate proxies led Chile to stop making proxies or weights public because of concerns with fraud (Grosh and Baker 1995). The World Bank (2009a) proposes that proxy variables should be changed regularly to prevent people from gaming the system. This could undermine PMT’s accuracy because the best explanatory variables are unlikely to change over time (Coady et al. 2004). 
[bookmark: _Toc342989524]4.4.	Identity of the interviewee
Interviewee identity can influence the reliability of PMT survey answers. Normally the household head should be interviewed, but if not home when the enumerator visits then others, including children, are allowed to provide survey information, even though children are less likely than their parents to be fully aware of their household situation. In Mexico respondents only have to be over 15 years of age to be interviewed; in Peru children as young as 12 have been interviewed; and in Cambodia schoolchildren have completed questionnaires.[footnoteRef:43] Gender is also an important factor: in Pakistan it was noted that women gave different answers to men that were often more accurate (GHK 2009). [43: 	Adato et al. (2000); Huber et al. (2008:45); Fiszbein and Schady (2009:71).] 

[bookmark: _Toc342989525]4.5.	Community verification
Community verification is often proposed as a way to address inclusion and exclusion errors and expose households that manipulate information. Beneficiary lists are publicised so communities can challenge beneficiary selection, assuming that the community knows who is poor or better-off and that those who falsely indicate they are poor will be stigmatised.
However, there is little evidence that this works, partly because community meetings sometimes do not take place. Community verification through meetings under Progresa in Mexico was rare (Adato 2000)[footnoteRef:44] and the same applies to Nicaragua and Peru (Adato and Roopnaraine 2004:17,21).[footnoteRef:45] Publicly questioning beneficiary choice can be divisive (Grosh et al. 2008:118) and making community verification work in urban areas would present particular challenges in the absence of tight-knit communities. [44: 	Several reports (Orozco and Hubert 2005:3,8; Grosh et al. 2008:118; Hanlon et al. 2010:109) indicate that although community meetings take place in Mexico households are rarely removed. Skoufias et al. (1999:iv) note only 0.1% of beneficiary selections were disputed.]  [45: 	In Peru’s Juntos program community meetings were led by program officials who indicated who should be removed from the program (Huber et al. 2008:46f).] 

[bookmark: _Toc342989526]4.6.	Political interference
PMT can be subject to political interference. In Colombia Castañeda and Lindert (2005:11) note that politics influenced program area selection. In Mexico Adato et al. (2000:9) suggest some areas were not visited because enumerators had their own political agenda. In Pakistan’s Benazir Income Support Programme there were examples of politics influencing the communities or households in the PMT survey (GHK 2009:15). Inclusion of appropriate safeguards would reduce errors relating to such interference.
[bookmark: _Toc342989527]4.7.	Recertification and poverty dynamics
Although household welfare and income can change rapidly the PMT methodology captures households at one point in time and assumes their incomes are static. The reality for many countries is that many of the poor are clustered just above or below the poverty line and people move in and out of poverty throughout their lives. For example, in Indonesia 58% of households were poor at least once during 1998–99 although the poverty rate was only 37%, and 38% of households that were poor in 2004 were not poor in 2003 (World Bank 2006:159). In Pakistan, 67% of households were vulnerable to poverty from 2001 to 2004, compared to a national poverty rate of around 27% (World Bank (2009c:77). And in urban Mexico only 7% of extreme poor households in 2002 still had the same status in 2007 (Rascon and Rubalcava 2008). 
In countries like these following initial targeting the poverty status of beneficiary and non-beneficiary households is likely to change relatively quickly. Some beneficiaries move out of poverty and some non-beneficiaries become poor. Even the possession of some assets or proxies can change dramatically over a few short years. As a result targeting accuracy can degrade, potentially rapidly. 
Re-certification and keeping up-to-date registration databases is therefore critical for program accuracy. While this is implicitly acknowledged—for example in Latin America household re-certification reportedly takes place every two to three years[footnoteRef:46]—actual frequency is uneven. In Mexico re-certification should occur every six years in rural areas and every three years in urban districts (Castañeda and Lindert 2005), although six years after initial targeting households still not been recertified (Orozco and Hubert 2005:8). Jamaica’s PATH program initially planned for re-certification every two years. This was then changed to every four but does not appear to have happened (World Bank 2009b). [46: 	Grosh et al. (2008:114f); Rawlings and Rubio (2003); Coady et al. (2002).
] 

But even with sufficient re-certification the PMT is not a good targeting mechanism in major external crises, such as floods, droughts or earthquakes, or in the large or small crises that hit individual households as part of day-to-day life, such as if a breadwinner becomes ill or unemployed causing a significant fall in income (Coady et al. 2004; Johannsen et al. 2010). With major external crises, the logistical requirements for mobilising a PMT are such that it cannot be implemented quickly. With individual household crises, there may be no immediate change in assets or other proxy indicators, especially those with the greatest explanatory value (such as number of household members, age and education). 
[bookmark: _Toc342989528]4.8.	Responsiveness to the household life cycle
The PMT methodology is potentially weak in responding to the household life cycle for various reasons including shifts in the value of assets, the stage at which assets are accumulated and their depreciation.
As households mature, they are likely to accumulate assets without necessarily experiencing an increase in income, particularly in informal economies. Younger households may have similar incomes as mature households but fewer assets (that take time to accumulate). In addition, while assets held by more mature households may be relatively old—a 15-year-old refrigerator for instance—the PMT often does not account for depreciation. For example, in Indonesia certain proxies discriminated against households headed by those over 40 years of age. Possessing assets such as tin roofs and cement floors reduces the chances of older people being identified as poor even when their income is the same as younger people who have not accumulated such assets (Hannigan 2010). 
Inheritance can also be an issue, including of assets not worth a great deal, as expressed by this poor Jamaican: 
Not because you have furniture mean you have money. Like my mother dead left plenty of things for me but me can’t afford food and the fridge need to fix and me can’t fix it. (Mathematica 2007) 
The elderly are particularly susceptible to discrimination by proxy means testing since, while they may have experienced a significant reduction in income as they become less able to work, the assets they have accumulated during their working lives may count against them. Even education may discriminate against older people since their qualifications may be of little use in entering the labour market as they grow older. For this reason Jamaica’s PATH program has adjusted weightings for older people living alone. 
[bookmark: _Toc342989529]4.9.	Appeals
All social protection programs should have an appeals system, especially ones using the PMT, where up to 50% or more of eligible poor may be excluded. However appeals are not a regular feature of the methodology, meaning a large number of people excluded from programs have no recourse. Chile, Costa Rica and Brazil do not have a formal appeals process, and while Mexico’s Oportunidades has one around service delivery and benefits (the Citizen Attention Program) it does not deal with complaints relating to household selection or program eligibility.[footnoteRef:47] Kenya’s Orphans and Vulnerable Children Cash Transfer program has a grievance system but it has not been activated because authorities fear too many appeals (Ward et al. 2010:14). [47: 	Castaneda and Lindert (2005:60); A. Hijuelos, Advisor to The National Coordinator, Oportunidades (personal communication, June 1, 2011). ] 

While an appeals system should be an integral part of any social protection program, designing one that fairly, objectively and transparently addresses eligibility is a major challenge. One difficulty with proxy means testing is determining the basis upon which appeals can be made. Basing it on income poverty might make it difficult to implement if half or more of the eligible poor are excluded: if all of them appealed the methodology would become ineffective. However if appeals are based on scores against proxies there would be no means of redress for large numbers of otherwise eligible households. 
Another difficulty is designing an appeals system that is supported by a transparent targeting system. Some recommend transparency on a human rights basis (Sepulvedra 2009) or to promote the system’s credibility (Castañeda and Lindert 2005:9), but in reality the ‘black box’ nature of the PMT methodology does not easily lend itself to transparency. Many find the methodology difficult to understand—as seen in Mexico and Indonesia[footnoteRef:48]—and some countries withhold information on proxies and weightings to control fraud (Castañeda and Lindert 2005:32). Chile, for example, used to make information on proxies publicly available but stopped because of concerns that people may manipulate them (Grosh and Baker 1995). In Armenia posters with proxies and weightings were put up in public places but people were confused by the information (Coady et al. 2002:30).  [48: 	Adato (2000); Adato et al. (2000); Orozco and Hubert (2005:3); Hannigan (2010).
] 

[bookmark: _Toc342989530]4.10.	Addressing intra-household poverty
Because household surveys cannot provide information on individual poverty levels proxy means testing cannot address variations in individual wellbeing within households and, despite suggestions to the contrary, the PMT cannot identify poor individuals.[footnoteRef:49] The best the methodology can do is assume that everyone in a household will receive the same share of a social protection program benefit. But evidence across Africa indicates this is not the case: older people are increasingly excluded by households that prioritise children and working adults.[footnoteRef:50] Since proxy means testing cannot identify and target those who are poorer or more deserving within households, it should not be used to target individual benefits such as old age pensions, child grants, disability or unemployment benefits.[footnoteRef:51]  [49: 	See, for example, Grosh and Leite (2009:165). The PMT cannot be used to identify families either but some programs that use the methodology, such as in Pakistan and Costa Rica, target the family not the household (Viquez 2005:12f; GHK 2009:11,123).]  [50: 	Van der Geerst (2002); Miguel (2005); Aboderin (2006); Kidd and Whitehouse (2009).]  [51: 	Chile recognised this in its 2008 reforms to its pension system and moved away from using the PMT to target pensioners to a system focused on individual income: See: http://www.pensionreforms.com/Preview.aspx?274. 
] 




[bookmark: _Toc342989531]5.	Social and political costs of the proxy means test methodology
The costs of proxy means testing—as with other forms of targeting—can go beyond the financial and include social and political costs.[footnoteRef:52] Although it is difficult to quantitatively measure these costs they can be significant and should be included when considering targeting options (Adato and Roopnaraine 2004:79). [52: 	Sen (1995) discusses this in relation to targeting in general. Also Coady et al. (2004:7ff); Kidd et al. (2011).] 

[bookmark: _Toc342989532]5.1.	Social costs 
There is growing evidence that targeting, including proxy means testing, can impact negatively on community cohesion.[footnoteRef:53] A number of studies document how the methodology can create divisions in communities between beneficiaries and non-beneficiaries. Due to the PMT’s targeting inaccuracies both groups can be relatively similar in composition, including poor and non-poor households. Discord can be exacerbated by opportunities for beneficiaries to engage in group activities and building new social networks that exclude non-beneficiaries.[footnoteRef:54]  [53: 	Adato (2000); Adato et al. (2000); Gonzalez de la Rocha (2003); Adato and Roopnaraine (2004); Gallardo (2008); Huber et al. (2009); Hannigan (2010).]  [54: 	Adato (2000); Adato et al. (2000); Adato and Roopnaraine (2004).] 

Studies in Mexico and Nicaragua point to feelings of despair, resentment, anger and jealousy among non-beneficiaries[footnoteRef:55], even leading to conflict. In some communities in Mexico non-beneficiaries threw rubbish onto streets while beneficiaries were cleaning them; in others, non-beneficiaries knocked down recently mended fences (Adato 2000:32). Non-beneficiaries have withdrawn their labour from voluntary community activities, as in Indonesia where ‘huge exclusion errors are causing tension and unrest.’[footnoteRef:56] The initial distribution of Indonesia’s Program Keluarga Harapan provoked stone throwing and in one community a building was burnt down and program facilitators saw their work as dangerous (Hannigan 2010). In Lebanon proxy means testing led to riots in some refugee camps.[footnoteRef:57] [55: 	Adato (2000); Adato et al. (2000); Adato and Roopnaraine (2004).]  [56: 	Hannigan (2010).]  [57: 	Georgia Rowe, personal communication.] 

The selection of some beneficiaries over others is often resisted, particularly in communities where the separation between poverty levels is slight or imperceptible. One community member in Mexico expressed a typical concern: ‘You ask us to tell you how we can know who is poor and who is not and we are telling you that here we are all poor.’[footnoteRef:58] Similar concerns have been reported in communities in Nicaragua, Peru and Indonesia.[footnoteRef:59] ‘We are all poor’ is an expression of egalitarian values and a reaction to the divisions that targeting creates.[footnoteRef:60]  [58: 	Adato (2000:23).]  [59: 	Adato (2000); Adato et al. (2000); Adato and Roopneraine (2000); Huber et al. (2008:49); Hanlon et al. (2010:110); Hannigan (2010); Kidd (1999).]  [60: 	Cf. Kidd (1999); Ellis (2008).] 

Social costs can take other forms and stigma can occur in any non-universal program (Grosh et al. 2008:104), as in Mexico when some refused to admit how poor they were when initially surveyed.[footnoteRef:61] One facilitator in Mexico stated that:  [61: 	Also Fiszbein and Schady (2009:78). Reverse stigmatisation can also occur. In Mexico and Nicaragua poor people unfairly excluded felt stigmatised because they could not participate in many of the program’s community activities and because they and their children were markedly poorer than the beneficiaries (Adato 2000:26; Adato and Roopnaraine 2004).
] 

Poor people can’t eat like other people. So, due to shame they said that they were eating well. There is the shame of eating beans and chillies and, at times, the families don’t have food. It is for this reason that many feel hurt and don’t say anything or think it is better to hide and not respond. So, many families who are really in need, many poor families, still don’t have Progresa. (Adato et al. 2000)
[bookmark: _Toc342989533]5.2.	Political costs
One way to evaluate PMT’s political costs is to compare the methodology with more inclusive targeting mechanisms and the amount of funding each receives. 
Conventional economic theory argues that programs excluding the middle-class are less likely to receive significant public funding.[footnoteRef:62] Comparing the costs of programs using proxy means testing with programs such as universal old age pensions bears this out. The latter tend to have significantly larger budgets.[footnoteRef:63] For example, while many of the largest programs using proxy means testing have budgets of no more than 0.4% of a country’s gross domestic product, many universal pension programs command budgets in excess of 1%.[footnoteRef:64] The consequence of this for poor households is that they may well receive smaller benefits from a tightly targeted PMT program compared to a universal program with broader political support.[footnoteRef:65] [62: 	Sen (1995:14); Moene and Wallerstein (2001:22); Mkandawire (2005:13); Pritchett (2005); Fiszbein and Schady (2009:59f); Kidd et al. (2011).]  [63: 	Kidd et al. (2011).]  [64: 	Mexico’s Oportunidades is probably the world’s largest program using proxy means testing.]  [65: 	World Bank (1990); Moene and Wallerstein (2001:22); Kidd et al. (2011).
] 




[bookmark: _Toc342989534]6. 	Conclusion
Within the social protection field proxy means testing has become an increasingly popular way to target poor people in developing countries and is widely regarded as effective. This methodology estimates household income by associating indicators or ‘proxies’ with household expenditure or consumption. This study examined PMT’s accuracy, objectivity, transparency and ease of implementation, filling a gap in the literature and providing evidence for policymakers and practitioners on its usefulness in particular settings. 
Using data from Bangladesh, Indonesia, Rwanda and Sri Lanka, the study looked at the regression accuracy of the PMT methodology at coverage levels between 5% and 40% of the population. It found that exclusion and inclusion errors vary between 44% and 55% respectively when 20% of the population is covered and between 57% and 71% respectively when 10% is covered. At these coverage levels—which are realistic for many programs in developing countries with limited financial resources—eligible households have no better than a one-in-two chance of being selected, and in some cases even view proxy means testing as a lottery. 
Household selection is also influenced by methodological choices that may be sound for a household survey analysis, where broad trends and patterns in poverty can be used to inform policy choices, but in the context of a PMT these choices selectively determine which households are poor. Common methodological choices for which there is no right or wrong approach include equivalence scales, treatment of missing variables and deciding which variables to include in the PMT regression. Relatively small differences in any of these areas can lead to significant differences between how households are identified. When different equivalence scales are used, for example, up to 16% of Bangladeshi households may find themselves identified as poor, or not; and in the case of missing variables up to 20% of Sri Lankan households will be treated as poor, or not. In Indonesia the study found that up to 13% of households will be treated as poor or not, depending on which available variable is used as proxies to determine poverty status. 
These findings highlight the significant discretion that exists in making methodological choices. In the absence of sensitivity analyses that present the implications of different choices, there is an impression that inaccuracies in the PMT regression build cumulatively upon inaccuracies in the household survey analysis. This combination of theoretical errors means a majority of eligible poor households may be permanently excluded from social grant benefits as a result of PMT scoring, especially in environments where there is no or infrequent re-certification or a sound appeals processes.
Implementation adds a further set of challenges that can lead to additional exclusion and inclusion errors. While it is difficult to know the size of the errors introduced by implementation—they vary from context to context as the Mongolia example shows— they can be significant. Errors can be introduced through implementation practices, from locating potential beneficiaries to verifying the information households provide. PMTs are also administratively demanding, and even countries with stronger capacity can still face difficulties engaging sufficient personnel with the skills needed to apply the methodology. Other factors affecting implementation include enumerator honesty, political interference and difficulties observing and verifying proxies, including age, education and occupation.
What is clear is that ‘perfect implementation’ should not be assumed—as occurs in some studies—and that the PMT’s theoretical targeting accuracy should not be substituted for actual accuracy. As with any targeting mechanism, it is possible to reduce implementation errors but this can increase financial costs. 
Although this study’s findings show that the errors inherent in the PMT methodology are significant, there is so far no evidence that other forms of poverty targeting perform any better in developing countries with large informal sectors, weak administrative capacity and low fiscal space. 
Other approaches to social protection propose different ways of targeting that may be easier to implement, socially less divisive and politically popular. For example, there are growing calls for developing countries to build social protection systems that direct resources to vulnerable groups—such as older people, children, persons with disability and the unemployed—on a universal basis.[footnoteRef:66] Sound evidence exists that targeting vulnerable groups on a universal basis may generate a higher level of political support than an approach focused on developing large-scale ‘safety nets’ that may exclude a majority of the poor. While such universal targeting approaches have been adopted by many developed countries and an increasing number of developing countries, there are important trade-offs relative to other forms of targeting that need to be considered, relating to financial, social and political costs, and coverage of the poor.[footnoteRef:67]  [66: 	Townsend (2007); Behrendt et al. (2009); Ellis (2010);Kidd and Calder (2011).]  [67: 	Farrington and Slater 2009.
] 

A key concern of this study is whether PMT is being promoted with a sufficiently realistic appreciation of what it can achieve. This study aims to contribute to a better understanding of proxy means testing’s advantages, disadvantages and trade-offs in comparison to other targeting methods, and help practitioners and policymakers make better decisions on whether to adopt the PMT methodology.



[bookmark: _Toc342989535]Annex 1: 	Methodology for devising proxy means test scores
The PMT scoring system is developed by analysing household survey data using these general steps:
1. Consumption data is analysed to estimate total household consumption. This involves making technical decisions regarding adjustments for seasonality, constructing localised price indicators and deciding whether to include different kinds of consumption items (for example, durables and one-off expenditures such as weddings). For present purposes it was therefore important to use ‘official’ consumption aggregates. 
2. Household consumption is adjusted for the number of people in the household. In many instances per capita consumption is used, however this assumes both adults and children consume the same amounts. Another approach is to use an equivalence scale to calculate per-adult equivalent consumption, assuming, for example, that children have a consumption weight of 0.5 of each adult. 
3. A regression model of the correlates of poverty is estimated. Often, the World Bank uses a stepwise regression technique, whereby the statistical software iterates through possible combinations of variables, keeping those that are significant and dropping those that are not. This is, however, a highly technocratic approach, which prioritises a good ‘fit’ of the model over selection based on a more nuanced understanding of the underlying poverty situation. 
4. The PMT regression then provides the PMT scoring system with the estimated coefficients serving as the weights.
5. PMT scores are calculated for each household based on these weights. The scores are essentially predicted values of consumption.
Targeting efficiency and poverty impact of the PMT scoring system can then be evaluated, comparing how well the predicted values in the PMT score compare with actual consumption at different program coverage levels. For example, with a targeted coverage of 20%, targeting efficiency measures the extent to which the PMT score accurately predicts if a household’s consumption is in the bottom two deciles.



[bookmark: _Toc342989536]Annex 2:	Variables used in proxy means tests for each study country
	Variable
	Rwanda
	Bangladesh
	Sri Lanka
	Indonesia

	Human capital variables
	
	
	
	

	Education of household head
	
	X
	X
	

	Highest level of education in household
	X
	
	
	X

	Female literacy
	X
	
	
	

	Number of children in school
	
	
	X
	X

	Demographic characteristics
	
	
	
	

	Household size
	X
	X
	X
	X

	Number of children
	X
	X
	
	X

	Gender/marital status of head (for example, widow)
	
	X
	X
	X

	Age of household head
	
	X
	X
	X

	Dependency ratio
	
	
	
	X

	Household assets
	
	
	
	

	Own home
	
	
	X
	X

	Type of wall construction
	X
	X
	X
	X

	Type of roofing material
	X
	X
	
	

	Type of latrine
	X
	X
	X
	

	Number of rooms per capita
	
	
	X
	

	Type of cooking fuel
	X
	
	
	X

	Radio, television and other forms of electronic or communication devices
	X
	X
	X
	

	Bicycle, car, motorcycle or other means of owned transport
	X
	X
	X
	

	Furniture
	X
	
	
	

	Access to electricity
	
	X
	
	

	Cooker, heater, fan, air conditioning
	
	X
	X
	X

	Productive assets
	
	
	
	

	Landholding size
	X
	X
	X
	

	Livestock (for example, cows, goats and sheep)
	X
	X
	X
	

	Use of fertiliser
	X
	
	
	

	Livelihood options
	
	
	
	

	Agricultural or nonfarm wage labour
	X
	X
	
	

	Non-farm independent business
	X
	
	
	

	Agricultural production of cash or staple crops
	X
	
	
	

	Receipt of foreign remittances
	
	X
	
	

	Sector of work (for example, informal, industry or agriculture)
	
	
	X
	X

	Geographic dummies
	X
	X
	X
	

	Community variables
	
	
	
	

	Presence of midwife
	
	
	
	X

	Population density
	
	
	
	X

	Asphalt road
	
	
	
	X

	Bank in community
	
	
	X
	

	Divisional secretariat in community
	
	
	X
	





[bookmark: _Toc342989537]Annex 3:	Explaining higher errors found in other analysis of proxy means tests
Errors of inclusion and exclusion are by definition symmetrical whenever the program size is equal to the target population. In the type of simulation undertaken to test targeting efficiency of a program aiming to reach a given percentage of the population, this study would expect the errors to be the same. However, in other assessments of PMT scoring across a range of countries errors of inclusion and exclusion are often different. Table A, for example, provides results from Pakistan, where at 10% coverage errors of exclusion (under coverage) are given as 88.2% and errors of inclusion (leakage) are given as 50.9% (World Bank 2009c: 87). A similar scenario appears in work undertaken in Sri Lanka (Narayan and Yoshida 2005).
Table A: Targeting performance of the Pakistan proxy means test formula by percentage
	
	%
	%
	%
	%

	Target group (poorest percentage)
	10.0
	20.0
	25.0
	30.0

	Coverage
	 2.4
	13.0
	19.0
	25.7

	Under coverage
	88.2
	61.0
	52.2
	42.8

	Leakage
	50.9
	40.0
	37.0
	33.2



These counter-intuitive results are not explained in the text in the Pakistan example. However the analysis for Bangladesh (which also shows differing inclusion and exclusion errors) provides some clues as to what is happening.[footnoteRef:68] Rather than using cut-off points based on where households fall in the distribution of the PMT score (covering all households with the lowest percentage of PMT scores), the authors instead use cut-off points based on the bottom percentage of actual household consumption (covering all households that fall in the bottom percentage of the consumption distribution). In other words, they use cut offs of actual rather than predicted values. [68: 	That this methodology must be pieced together from different assessments highlights some of the issues around transparency and clarity in the way proxy means testing is presented and assessed. 
] 

This leads to additional errors which are referred to as ‘coverage’ in the studies mentioned above and explains why errors of inclusion and exclusion do not add up. In the Pakistan example in Table A, when targeting the poorest 10% the program (as simulated in the analysis) would only reach 2.4% of the population. Similarly, targeting the poorest 20% would reach 13%, and at 30% it would reach 25.7%. 
This approach to establishing cut-off values is problematic for two reasons: 
1. It misunderstands the point of simulating targeting efficiency in the household survey data. The point of the PMT methodology is that, in the real world, there is not full information on a household’s consumption, only proxy indicators. So a program with a budget large enough to cover the poorest 20% would calculate PMT scores for all households in the program area and would then be able to include the 20% of households with the lowest scores. Simulations based on targeting a given percentage of the population in terms of actual consumption is, therefore, not that relevant to the way in which programs are implemented.
2. It muddles the analysis of inclusion and exclusion errors by introducing an additional coverage error. As a result it is difficult to understand how much exclusion error is related to the poor predictive power of the PMT formula and how much is related to coverage that is lower than targeted.[footnoteRef:69] [69: 	This practice overstates exclusion errors for a given target population and undermines the arguments for using the PMT. Exclusion errors would be lower if the cut off were calculated based on the PMT score. 
] 

With Pakistan (Table A), the under coverage (exclusion) errors of 88.2% do not reflect the errors if the program covered 10% of the population, but rather if it covered only a quarter of that (2.4%). This tells what the exclusion errors would be if programs only spent a quarter of their budgets, which is not helpful for ex ante analysis, since the ‘under-spending’ relates only to theoretical rather than actual information.
The reasons for the large differences between targeting the poorest percentage of the population based on PMT (predicted) scores or consumption (actual) are important to understanding how well the PMT methodology identifies the poorest. Again with Pakistan—and also in this study’s simulations across four countries—the gap between target coverage and the ‘coverage’ error grows smaller as the size of the target population increases. This is because the PMT scores perform worse at the bottom tail of the distribution, as shown in Figure A using data from Sri Lanka. At around 35% the two distributions cross, at which point using the cut-off values from actual consumption leads to errors related to the opposite effect of a larger program size than targeted.
Figure A: Cumulative distribution of actual consumption and proxy means test score, Sri Lanka
[image: Line chart of cumulative distribution of actual consumption and proxy means test score, Sri Lanka.
Log per capita consumption and PMT score on y-axis with values from 400 to 1200.
Cumulative per capita consumption and PMT score on x-axis with values from 0 to 1.
Lines are sideways S from 600 to 1000 approximately.]
The ‘coverage’ error issue brings to the fore some of the problems inherent in identifying the poorest of the poor using the PMT. The PMT score (predicted value) will necessarily have a lower variation than actual consumption, since it is based only on information available in the model. 

[bookmark: _Toc342989538]Annex 4:	Impacts of equivalence scales on the selection of beneficiaries
The impact of two equivalence scales was tested on the selection of household beneficiaries—one using no scaling (per capita) and one using a scaling factor of 0.5 for children. Figure B shows the key results of the scenario modelling for a range of cut offs and coverage levels. In general, the impacts appeared greatest for those living in households near the cut-off value, meaning it is important to disaggregate the impacts for different groups of the population as done below. For example, at a cut-off value of 5% households in the bottom 10% receive the most impact, while at a cut off of 30% households in the 20th to 60th percentiles receive the most impact. 
Total impacts are fairly small, ranging from around 2% to 6% in Rwanda and from around 3% to 11% in Indonesia. However, the impacts on the poor—the target group—are much higher: around 8% in Rwanda for cut offs of 5% to 30% and around 8% to 10% in Indonesia for cut offs of the same levels. In Bangladesh the impacts were much higher, ranging from above 10% of the target group at a cut off of 5% to 14% to 16% for cut offs between 10% and 30%. 
Figure B: Percentage of households in targeted populations treated differently depending on the use of equivalence scales
[image: Line chart of percentage of households in targeted populations treated differently depending on the use of equivalence scales.
Percentage of households treated differently on y-axis.
Cut off (target) on x-axis with categories of Rwanda, Bangladesh and Indonesia.
Values are from 2% to 17%.
Bottom 10%, 20%, 40% 60% and total are represented.]
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