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Abstract

This paper uses five rounds of Mexican and Brazilian census extracts to evaluate the
accuracy of different model specifications and estimation methods that use survey and
census data to generate small area estimates of poverty. In the absence of measurement
error and selection bias, EBP unit-level models perform slightly better than purely
synthetic unit-level models in Mexico and are comparably accurate in Brazil. EBP
specifications that omit household-level variables are comparably accurate with EBP
unit-level models in Mexico and slightly less accurate in Brazil. Fay-Herriot area-
level models and purely synthetic machine learning models are slightly less accurate
than EBP specifications that omit household-level variables in Mexico and similarly
accurate in Brazil. Models that omit household variables tend to be more robust
to the use of old census data and classical measurement error in survey predictors.
In the presence of selection bias and when using small samples, Fay-Herriot models
become disproportionately less accurate, especially when variance smoothing is not
applied. Rescaling sample weights is very important in the Mexican simulations due
to the highly skewed distribution of population across areas. The usual practice of
applying raw sample weights without rescaling in this case greatly reduces accuracy
and distorts methodological comparisons. Overall, no one approach dominates across
all contexts, but when sample weights are appropriately rescaled there is no downside
to using more granular data for prediction.
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1 Introduction

Small area estimation (SAE) enables survey data to "borrow strength" from more geo-

graphically comprehensive auxiliary data such as census data. This enables the estimation

of survey-based indicators such as poverty for highly disaggregated areas or subgroups for

which there are no or insufficient household survey data to obtain reliable direct estimates.

SAE can therefore be a critical input into to the geographic targeting and evaluation of

policies and programs.

The first known application of the SAE of poverty, combining survey and census data,

was for small places in the US (Fay and Herriot, 1979) and employed Empirical Bayes

estimation (Carter and Rolph (1974) and Efron and Morris (1977)). The US Census Bureau

subsequently established the Small Area Income and Poverty Estimates program, which

regularly produces small area estimates of income and poverty for school districts and

counties. Later, an alternative method that combines survey and census data to obtain

small area poverty estimates was developed by Elbers et al. (2003), henceforward referred to

as the ELL approach. This method employs Monte-Carlo simulation techniques advocated

by Berry et al. (1995). It has been used in over 60 countries worldwide, often with the

support of the World Bank, as well as in several notable research applications (Demombynes

and Özler (2005), Elbers et al. (2007), Andam et al. (2010), Crost et al. (2014), Enamorado

et al. (2016), Bazzi (2017))

SAE models can broadly be divided into three groups depending on the level at which

they are specified: Area-level models specified at the target area level, unit-level models

specified at the household level (which represents the most disaggregated level), and sub-

area level models which is specified at an aggregate level that is below the target area

level, such as the village level. Any of these models could in principle be used to obtain

purely synthetic predictions, as in Elbers et al. (2003), or alternatively to obtain Empirical
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Best Predictors (EBP) that condition estimates of the random effect on survey sample data

(Laird and Ware, 1982; Battese et al., 1988; Jiang and Lahiri, 2006; Molina and Rao, 2010).

When working with unit or sub-area-level models, estimates of poverty are first obtained

at the household or sub-area level, and are then aggregated to the target area level.

While the literature on the small area estimation of poverty is well-established, there are

comparatively few studies that evaluate the relative performance of different approaches

across different settings, and existing evaluations can arrive at different conclusions (Corral

et al., 2021; Das and Haslett, 2019). This is where our study aims to make a contribution.

The paper is organized around five empirical questions.

1. First, how large are the merits of using EBP relative to methods that generate purely

synthetic predictions across different empirically relevant settings?1

2. Second, is there utility in employing "unit-context models", in which the dependent

variable is specified at the household level and all predictors are specified at a more

aggregate level (either at the target area level or at a sub-area level)?2 Drawing

on results from Corral et al. (2021), Molina (2024) observes that while unit-context

models and area-level models yield nearly equivalent results when estimating means,

“estimates of poverty indicators using unit-context models can be significantly biased”.

This bias is attributed omitting household-level predictors. Yet in other settings, unit-

context models predict poverty rates accurately (Masaki et al., 2022; Newhouse et al.,
1Das and Haslett (2019) and Elbers and Van der Weide (2025) find that the relative performance of

EBP (assuming normally distributed errors) and ELL (allowing errors to be non-normally distributed) may
vary across settings, notably with the magnitude of the area random effect and the degree of non-normality.
Normal-EBP will outperform ELL when the random area effect is large and the degree of non-normality in
errors is modest. Conversely, ELL does well when the random area error is small and errors exhibit a high
degree of normality. Molina (2024) observes that “the gains in efficiency of EBP with respect to ELL may
be remarkable when the nested error model assumptions hold and area effects are significant (equivalent
to a poor explanatory power of auxiliary variables).” Finally, note that EBP will be reduced to purely
synthetic estimates for target areas that are not covered by the survey sample, which may be a sizable
share of target areas in many developing countries (Tzavidis et al., 2018).

2Unit-context ELL models were first proposed by Cuong (2012).
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2025), particularly when predictors are incorporated at a highly disaggregated level

such as at the village level (Newhouse, 2024; Haslett, 2024).

3. Third, how much is lost in aggregation? Do models using household level predictors

generally outperform those using sub-area level predictors, and do models using sub-

area predictos in turn outperform models using area-level predictors? Are any gains

in precision marginal or meaningful, and what does this depend on? This question

has become more important is recent years due to the widespread availability of

geospatial data, which is typically available at the sub-area level, as predictors when

recent census data is unavailable. (Van Der Weide et al., 2024; Newhouse, 2024)

4. Fourth, how robust are the different approaches to different types of “imperfect data”?

This includes combining survey and census data from different years, using survey

data subject to non-random selection bias and/or classical measurement error, and

the use of small samples.

5. Fifth, and finally, how sensitive is comparative performance to details related to how

model estimation is implemented? In particular, we focus on rescaling weights across

areas, which is strongly recommended in the literature when estimating multilevel

models (StataCorp, 2023; Carle, 2009; Pfeffermann et al., 1998) but is often neglected

in practice.3 In addition, we also examine the sensitivity of comparative performance

to the use of different methods of incorporating survey weights in the estimation of

model parameters. Finally, we examine the role of using smoothed variance estimates

when estimating the Fay-Herriot area-level models (Bell, 2008; You, 2022)

We employ design-based simulations based on five publicly available census extracts

from Mexico and Brazil to explore each of the empirical questions listed above. These
3The importance of weight rescaling is also stressed in Parker et al. (2023), Rabe-Hesketh and Skrondal

(2006), and Korn and Graubard (2003).
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countries are well-suited for evaluating alternative approaches to the small area estimation

of poverty, because their census data contain a measure of household labor income that

allows us to infer small area poverty rates based on this data. It is very rare for census

data to include such labor income data.

Our findings can be organized into five main insights. First, in the absence of mea-

surement error and selection bias, unit- and PSU-level EBP models tend to produce the

most accurate estimates. ELL estimates are found to be less accurate in Mexico and at

par in Brazil. The advantage of EBP over ELL in the case of Mexico stems from the larger

magnitude of the random area effect, which is smaller in the case of Brazil. When using

Brazil’s 2010 data, ELL is observed to be slightly more accurate than EBP. This confirms

that comparative performance is context and country specific.

Second, there is utility in estimating unit-context models in some settings. When the

sample data is collected without error and at the same time as the census auxiliary data,

unit-context models that include both sub-area- and area-level predictors yield less accurate

estimates in Mexico and Brazil, but the difference is very minor. When averaging across

census rounds, rank correlation falls from 0.956 to 0.954 in Mexico and from 0.969 to 0.965

in Brazil when omitting household-level predictors. This translates into a tiny reduction

in the poverty impact of a simulated targeted transfer program of approximately one basis

point (one hundredths of a percentage point) in Mexico and thirteen basis points in Brazil.

On the other hand, unit-context models appear to be more robust than unit-level models

to the use of outdated census data, and can outperform unit-level models when there is

classical measurement error in the survey predictors.

Third, little accuracy is lost when aggregating auxiliary data to the PSU level. Household-

level EBP and sub-area EBP models perform comparably well, and unit-context models

with PSU level predictors are only slightly less accurate. Machine learning models with

PSU-level predictors tend to be slightly less accurate than unit-context models with PSU
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level predictors in Mexico, and at par with unit-context models with PSU level predic-

tors in Brazil. Machine learning models, despite offering greater flexibility with respect

to non-linearities and interactions, do not condition estimates on the sample data. This

is less important in Brazil due to the design of the simulated samples, which generates

abnormally low sampling error at the PSU level. Among the two approaches that only

use area-level auxiliary variables, Fay-Herriot models outperform unit-context models with

area-level variables in Mexico, while the two approaches give comparable results in Brazil.

Fourth, approaches that use only area-level auxiliary data are less robust to the pres-

ence of selection bias and a smaller sample than approaches that use either household and

PSU level variables or only PSU-level variables. Unlike area-level predictors, more disag-

gregated predictors at the PSU-level can partly correct for sample selection bias within

areas. Meanwhile, when using smaller samples without selection bias, the additional varia-

tion utilized by incorporating more geographically disaggregated predictors becomes more

valuable, leading to more accurate estimates. For both small samples and samples subject

to selection bias, area-level models becomes much less accurate when variance smoothing

is not applied. This highlights the benefits of both utilizing more disaggregated data when

available and of variance smoothing when estimating area-level models.

Fifth, implementation details can be as or more important for accuracy than the choice

of model and method. In particular, a seemingly minor detail related to rescaling sample

weights prior to model estimation emerges as a crucial issue when estimating unit and

unit-context models in Mexico.4 This is because the distribution of population weights is

highly skewed across municipalities in Mexico. Applying "raw" sample weights therefore

leads to areas with large weights dominating the estimator, and sampling error in these

areas harms the accuracy of model predictions. ELL and unit-context models, particularly
4To clarify, weight rescaling can be crucial when estimating a model specified at a level below the target

area, such as the household or sub-area. Using "raw" sample weights remain appropriate when generating
direct estimates from sample data.
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those with only area-level predictors, are especially vulnerable to this source of inaccuracy

when weights are not rescaled. Differences in the implementation of weight rescaling is

therefore a major factor explaining the disagreement found in the literature on the relative

performance of different methods and models such as EBP, ELL, unit-context, and area-

level models.

The results indicate that, when weights are properly rescaled, estimating unit-level mod-

els using auxiliary data at the most geographically disaggregated level possible generally

leads to as or more accurate predictions than using auxiliary data at more aggregate lev-

els. While these benefits are minor in many of the settings we tested, using sub-area-level

predictors can substantially improve accuracy when the sample is subject to selection bias

and when using small samples. This is consistent with evidence from Burkina Faso, where

a unit-context EBP model outperformed an area-level model with no variance smoothing

by 11 correlation points when evaluated against unit-level EBP estimates (Edochie et al.,

2024b).

The remainder of this paper is organized as follows. Section 2 briefly reviews the

different methods and specifications for SAE models that we evaluate, which are described

in more detail in Appendix A. Section 3 describes the simulation procedure, model selection,

and evaluation metrics used for evaluation. This includes simulating estimation with old

survey or census data, selection bias, classical measurement error in survey predictors, and

varying sample sizes. Section 4 presents model diagnostics and the simulation results, and

section 5 concludes.

2 Selected approaches to small area estimation

We consider seven distinct approaches to model specifications and estimation methods that

can be used to generate small area poverty estimates using survey and census data. A model
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specification in this context refers to the structure of the model, including the level at which

the model is specified, the dependent variable, and the set of candidate predictor variables

that are used. An estimation method, meanwhile, refers to the statistical algorithm that

uses the model to transform the input data taken from the survey and census into small

area poverty estimates.

Table 1 summarizes key differences in between the seven approaches, which Appendix

A discusses in detail. The seven approaches are divided into three types of specifications,

depending on the types of predictor variables that are used. Dividing the approaches into

these three groups delineates differences in the nature of auxiliary data across the seven

approaches, which is helpful for interpreting differences in performance.

The first group predicts household per capita income, utilizing predictor variables at

all available levels, namely the household level, the PSU level, and the target area level,

which is the municipality in both Mexico and Brazil.5 This group includes two approaches:

EBP and ELL. The primary difference between them is that EBP conditions the random

effect on the sample data, while ELL estimation is purely synthetic. When estimating ELL,

the estimated parameters are assumed to be fixed, to make all the methods comparable in

this regard.6 Other notable differences between the implementation of ELL and EBP are

highlighted in Table 2.

The second group of specifications utilizes only predictors at the PSU and target area

level. Throughout the paper we interchangeably use the terms PSU, village, sub-area,

and cluster to refer to the primary sampling unit. This group contains three approaches,

which we refer to as unit-context models with PSU and area level predictors (UC-PSU),

sub-area models, and Boosted Regression Forests (BRF). In the unit-context models, the

dependent variable is household income at the household level, which is linked with contex-
5We therefore subsequently use the terms "area" and "municipality" interchangeably.
6This differs from the usual approach to estimating ELL models, which incorporates uncertainty in the

estimated model parameters when generating small area poverty estimates
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tual predictors at the PSU and target area levels. For the sub-area and BRF approaches,

the model is specified at the PSU level and the dependent variable is PSU-level poverty

rates derived from the survey. Both the unit-context and subarea models are estimated

using EBP. BRF, however, estimates one or more regression forests to predict cluster-level

poverty rates. Each regression forest is based on two thousand decision trees generated

using randomly generated subsets of the observations and data, as implemented in Tibshi-

rani et al. (2018) and described in Athey et al. (2019). There are three main differences

between BRF and the sub-area EBP model. The first is that BRF is purely synthetic and

does not contain a random effect conditioned on the sample data. The second is that BRF

is based on decision trees rather than linear models and therefore can flexibly accommodate

non-linearities and interactions. Finally, BRF implements a boosting procedure that can

estimate an additive sequence of regression forests. Further details on the implementation

of BRF are provided in Appendix A

The final group of specifications utilizes predictors only at the target area level. This

includes two approaches: Fay-Herriot area-level models, and unit-context models with only

area-level predictors (UC-area). Fay-Herriot models are specified at the target area level

and use the area-level poverty rate as the dependent variable. 7

Unit-context models with area-level predictors are specified at the household level and

predict household income using area-level predictors. The main difference between these

is that the Fay-Herriot model allows for area-specific variance estimates, while the unit-

context model assumes a single variance parameter for all areas. As a result, the Fay-Herriot

model requires estimates of the variances of the poverty rate for each area as an input,

which is estimated using the survey. Importantly, we implement a variance smoothing

procedure when estimating the Fay-Herriot model, as recommended in the literature (Bell,
7We do not consider estimating a Fay-Herriot model at the sub-area level, because such a model would

include a random effect specified at the sub-area level instead of the area-level, which would greatly reduce
the benefit of the random effect.
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2008; You, 2022) and described in Appendix A. Variance smoothing ensures that these

estimated variances are strictly positive even when all sample households in an area are

poor or non-poor. Section 4 shows how failing to smooth the variance reduces the accuracy

of the Fay-Herriot estimates in samples that are smaller or subject to selection bias.

The unit-level EBP model, ELL model, and Fay-Herriot area-level model with area-

level predictors are selected because they are or have been commonly used.8 The other

four approaches are included to examine whether there is scope to improve upon these

most commonly used methods under certain conditions. For example, approaches that

omit household level variables and/or PSU-level variables may be the only feasible option in

cases where household level predictors are not available, and models that exclude household

predictors may be more robust when using imperfect data such as old census data or survey

data containing measurement error.

2.1 Incorporating sample weights in EBP models

Household survey data are typically collected using a two-stage sample with PSUs selected

with probability proportional to population size, known as PPS sampling. When PSU

population size is systematically correlated with household income and not included as a

predictor variable, as is typically the case, failing to properly adjust for weights will lead

to what statisticians call informative sampling bias, and what economists commonly refer

to as endogenous sampling or sample selection bias. As a result, it is standard practice to

adjust for sample weights when estimating descriptive statistics or model parameters (Solon

et al. (2015)). The household sample weights are set equal to the product of the inverse

probability of selection, which eliminates this source of bias in most cases. Unfortunately

multilevel models, including EBP models, are a special case where applying standard sample
8It is also possible to estimate a Fay-Herriot model at the PSU level and aggregate the results to the

municipal level. We do not consider this method because it does not include a random effect specified at
the target area level.
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weights does not eliminate this source of bias. (Carle, 2009; Pfeffermann and Sverchkov,

2009)

We consider two distinct issues related to the role of weights in model estimation. The

first issue involves whether to rescale sample weights during model estimation. The lit-

erature generally recommends rescaling sample weights when estimating unit-level mixed

effects models for two reasons (Pfeffermann et al., 1998). First, unlike in a standard OLS

regression, finite population values in multi-level regressions are not independent of each

other, meaning that the log likelihood cannot be represented as the sum of the weighted

likelihoods for each observation. Second, in multilevel models, the overall weights do not

carry sufficient information to correct for bias. Ideally, weighting would utilize the first

stage selection probabilities, or the probability that each sampled PSU was selected. Un-

fortunately, this information is not typically included in household survey data files.

There is, however, a third compelling reason to rescale sample weights. Rescaling sam-

ple weights increases the effective sample size of areas, especially when the distribution of

sample weights across areas is highly skewed. Using raw sample weights in this case risks

giving disproportionate weight to a few influential areas. The model may then fit sampling

error in these highly influential areas, reducing the accuracy of both the estimated param-

eters and the resulting estimates of poverty. We show below that this is very significant

empirically in the Mexican case.

Different ways have been proposed to rescale weights when only final sample weights

are available. We adopt “Pfeffermann’s method 2” (Pfeffermann et al., 1998) which rescales

the sum of the weights for each target area to equal the sample size for that area. This

is a relatively simple approach that gives each target area weight according to its sample

size, which helps correct for heteroscedasticity due to differing sample sizes across areas.

Weighting each area equally, after accounting for heteroscedasticity due to sampling error,

is also consistent with the standard approach to estimating the Fay-Herriot area-level model
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(Fay and Herriot, 1979; Halbmeier et al., 2019). As we show below, estimating a unit-level

model using the provided sample weights without rescaling, when the weights are highly

skewed across areas, not only harms the accuracy of estimates, but also distorts comparisons

across methods and specifications.

The second issue involves the choice of method for incorporating weights when estimat-

ing linear mixed models. We consider four weighting methods that have been proposed

in the literature: The "conditional weighting method" implemented in the nlme and lme4

R packages (Bates et al., 2015), a "partial adjustment method" that partially adjusts un-

weighted estimates (Guadarrama et al., 2018), a weighted Generalized Least Squares (GLS)

method (Huang and Hidiroglou, 2003; Van der Weide, 2014), and a new approach that com-

bines the partial adjustment method and the conditional weighting method that we refer

to as "Hybrid weights". Appendix B describes these four methods in detail. In section 4

below, we show how predictive accuracy for different EBP models depend on the choice of

method used to incorporate weights.

3 Design-based simulations

This section describes the structure of the data and design-based simulations used to eval-

uate the comparative performance of the methods and specifications described in the pre-

vious section. It covers the census data used, the process for model selection given a set

of candidate variables, the process used to draw the survey samples, and the simulation

of various imperfections in the survey or census data. These imperfections include the use

of old census or survey data, selection bias in the survey, measurement error in predictors

used in the survey data, and the use of smaller survey samples.
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3.1 Census extract data

We obtained the 2010, 2015, and 2020 Mexican census microdata from the INEGI website,

and the 2000 and 2010 Brazil census microdata from the IBGE website. For Mexico, the

public-use 2010 and 2020 data are 10 percent census extracts. The 2015 data is from a

20 percent intercensus sample. In Brazil, the 2000 and 2010 data are 10 percent census

extracts. Table 3 gives the number of municipalities, PSUs, and households in the census

extract for each round, while table A1 shows the applicable poverty lines and resulting

national poverty rates calculated in the census. 9 An important difference between the

countries is the relative number of PSUs and municipalities in the census extracts. In

Mexico there are approximately 70 times as many PSUs as municipalities in the census

extracts, while in Brazil there are only approximately twice as many PSUs as municipalities.

Because the Brazilian samples select up to ten PSUs per municipality, all population PSUs

are selected in each sample in approximately 98 percent of the Brazillian municipalities.

The Brazilian simulations therefore have an abnormally low amount of sampling error in

the second stage, which limits the benefits of using PSU-level predictors relative to area-

level predictors in the Brazilian case. The results therefore illustrate how the design of the

survey can impact the relative performance of different estimation approaches.

3.2 Constructing synthetic survey samples

For both Mexico and Brazil, we follow the sampling strategy of the relevant household

surveys, the MCS-ENIGH in Mexico and the PNAD Continua in Brazil. To execute the

design-based simulations, we drew 100 samples from the census extracts, using a three stage

sampling design that first selected municipalities, then PSUs within selected municipalities,

and finally households within selected PSUs.
9In each case we use a single poverty line, calculated as the weighted average of national moderate

poverty lines
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For Mexico, we first selected 900 municipalities out of a total of approximately 2,460

to be included in the sample. This matches the official survey, the MCS-ENIGH, and

also ensures a sufficiently large sample to estimate results both for in and out of sample

municipalities. In all samples, we included approximately 370 municipalities with the

largest population, and used probability proportional to size (PPS) sampling to select the

remaining municipalities. The second step sampled PSUs within selected municipalities

using simple random sampling. A maximum of 8 PSUs per municipality were selected,

which yields samples of about 4 percent of all PSUs. In the third stage, we selected 5

households per PSU in highly urban areas and 20 households per PSU in other urban

and rural areas, again using simple random sampling. The difference in the number of

households selected in highly urban and other areas introduces informative samples within

municipalities. As shown in Table 3, this results in a main sample of approximately 79,000

households in 2010, 106,000 households in 2015, and 74,000 in 2020. Sample weights are

constucted as the product of the inverse probability of selection in each stage.

For Brazil, we also began by sampling 900 municipalities. Just under 200 municipalities

with the largest population counts were selected with probability one. The remaining mu-

nicipalities were sampled with probability proportional to their population size. The second

stage sampled up to 10 PSUs from each municipality using simple random sampling. As

noted above, in both 2000 and 2010 approximately 98 percent of the municipalities contain

ten or fewer PSUs, meaning that all census PSUs in these municipalities are selected in

each simulated sample. Finally, the third stage sampled 28 households per PSU in both

2000 and 2010 using simple random sampling. As shown in Table 3, this resulted in a total

sample of approximately 73,000 households in 2000 and 92,000 in 2010. The Brazillian

samples are not informative within municipalities because both the second and third stage

were selected using simple random sampling while the number of households selected in

the third stage is constant for all PSUs.
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3.3 Candidate variables and model selection

In the Mexican case, we consider the following candidate predictors:

1. Household size and its square

2. Head’s years of education

3. Household Assets: Stove, Shower, Radio, Television, Refrigerator, Washing Machine,

Car, Cell phone, internet access.

4. Housing characteristics: Improved wall, improved floor, improved water, improved

roof, electricity, flush toilet, sewage, type of cooking fuel

5. Whether the household owns their home and the number of household members per

room

The set of candidate predictors is similar in Brazil. Improved water, roof, and flush

toilets were not available in the Brazilian data, while motorcycle ownership was included

in Brazil but not Mexico. The square of household size was included at the household level

but not at the PSU or municipal level. This slightly favors models that use household-

level variables over those that rely solely on aggregate variables, but not by enough to

substantially change the results.10 Overall, the census in both countries provide a rich set

of variables with which to predict household per capita income.

For each approach that we evaluate, the predictor variables are selected using the

LASSO.11 In particular, we rely on a variant of LASSO implemented in Stata that mini-

mizes the Bayesian Information Criteria (BIC). In addition, we utilize the postselect option,
10In the baseline specifications, removing the square of household size as a candidate predictor only

decreases rank correlation in the unit-level models by 0.0006 in the 2010 Mexican data
11We do not implement LASSO for estimating Boosted Regression Models because they are based on

decision trees do not require prior model selection
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which does not shrink the coefficients when calculating the BIC. This option is appropriate

when using LASSO for selecting variables to be used in subsequent estimation, as is the

case here where we are implementing "post-lasso" estimation (Belloni et al., 2014).

3.4 Simulating imperfect data

The samples described in subsection 3.2 assume a best case scenario with regard to data

availability and quality. The simulated survey and census were collected at the same time,

the sample weights correctly reflect the inverse probability of selection, the survey data is

collected without error, and the sample size approximately reflects the household surveys

used for poverty measurement in each country. We consider modifications to the input

data that relax these assumptions to be more consistent with common real-world settings.

3.4.1 Survey and census data from different years

In many applications, the available survey and census data are collected in different years,

which can lead to bias in small area estimates. For example, if the survey is collected in

year t and the census is collected in a prior year t − l, simulated welfare will be based on

Xt−lβ̂t, then this may bias predictions of yt to the extent that βt varies across time.12 The

same applies to combining old survey data with new census data. The use of old survey

data may introduce an additional bias in estimates of the area random effects when using

EBP estimation.

To investigate how robust different specifications are to old survey or census data, we

draw the survey from one year’s census and use the census from a different year. We

simulate both the case where the census is older than the survey and the case where the

survey is older than the census. In each case, the benchmark for evaluation is poverty
12This argument also carries over the to variance parameters; if these are not time-invariant, then a

misalignment in survey and census years may introduce a bias in poverty estimates.
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calculated from the full census from the most recent year.

For example, in Mexico there are three rounds of census extracts available, allowing us

to simulate old census data in three ways: The first is to use simulated 2020 survey data

and 2015 census data as inputs. The second is to use simulated 2020 survey data and 2010

census data as inputs. In both of these cases, we evaluate accuracy using the full census

extract from 2020, which we assume is the year of interest. Finally, we can use simulated

2015 survey data and 2010 census data as inputs, and evaluate against the 2015 census

data. In Brazil, where we only utilize two rounds of census data, we simulate age bias in

the census by using the 2010 survey and 2000 census, and evaluate against the 2010 census.

Similarly, we can use a similar approach to investigate the use of old survey data, by

drawing the survey from an older census. For example, in Brazil we simulate age bias in

the survey by using a 2000 survey and 2010 census, and evaluate predictions against the

2010 census. In all cases, we drop any household variable for which the confidence interval

in the survey mean does not contain the census mean, following standard practice when

generating SAE estimates. This helps limit the bias in local poverty estimates due to a

misalignment of survey and census years.

We face an important and unavoidable limitation when using old survey or census data:

In both countries, the PSU identifiers are not consistently defined across years due to confi-

dentiality restrictions, so it is not possible to match PSU identifiers across years. Therefore,

we cannot estimate how age bias affects the performance of either unit-context models with

PSU-level aggregates, or sub-area models of PSU-level poverty rates. This is unfortunate

because in actual applications it is plausible that national statistics offices can link PSU

identifiers between survey and census data collected in different years. Nonetheless, com-

paring the performance of unit-context models that use only area-level aggregates with

unit-level models that use household level variables can provide insight into the robustness

of each specification to bias caused by the use of old survey or census data.
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3.4.2 Selection bias

Survey data can be prone to selection bias. Selection bias in this context implies that

the probability of selecting a PSU is determined partly by PSU characteristics that are

correlated with average welfare or poverty, which are not accounted for when calculating

sample weights. We simulate an extreme version of selection bias by making the selection

probabilities of each PSU in the second stage of the three-stage sampling design depend on

a household asset index, in a way that excludes all PSUs in the bottom third of the asset

index distribution from the sample. The procedure is implemented as follows:

1. Calculate πic = popic
Σpop,i

as the share of the municipal population in PSU c, where popic is

the population of cluster c located in municipality i and Σpop,i is the total population

of municipality i. πic is therefore the probability of PSU c being selected in the second

stage, conditional on municipality i having been selected in the first stage, when no

selection bias is present.

2. For each PSU, calculate the elements of the household asset index by taking the

weighted mean, weighting by household size, of 18 household characteristics. Ten

of the 18 characteristics are asset ownership dummies: cell phone, computer, car,

washing machine, refrigerator, telephone, radio, shower, stove, and owning the home

of residence. The remaining eight are dwelling characteristics: household members

per room, whether the household cooks with fuel, uses a flush toilet, uses a shared

toilet, has access to internet, and whether the house has an improved floor, roof, and

walls. Next, calculate the first principal component of the 18 mean household welfare

characteristics proxies from step 2. Finally, calculate ac, the unweighted percentile of

the first principal component, for all PSUs in the census extract.

3. Adjust the sampling probabilities as follows: π
′
ic = πic ∗

[
min

((
ac
35

)11
, 1
)]11

. As

shown in Figure A, this excludes all PSUs in the bottom third of the asset index
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from the sample, while leaving the relative probability of selection unchanged for all

households above the 35th percentile.

4. Draw the second stage of the sample, giving each PSU probability π
′
ic chance of

selection.

5. Draw the third stage of the sample, giving each household within selected PSUs equal

chance of being selected.

All subsequent analysis is conducted using sampling weights that assume the second stage

selection probability is 1
πic

, derived prior to the adjustment in step 3. In this scenario, the

household weights no longer equal the inverse probability of the households being sampled,

which introduces selection bias. Selection bias at the cluster level can occur in practice if

the sample of PSUs is not entirely random, for example because less accessible (and poorer)

PSUs are less likely to be included than their population share would indicate, or because

there are PSUs affected by conflict that are impossible to safely travel to.

This is only one illustrative model of selection bias. Below, we examine the correlation

between direct estimates under selection bias and truth, to ensure that the degree to which

the simulated selection bias degrades accuracy is reasonable. More research on how model-

based estimates are affected by different patterns of selection bias in survey data would be

useful. Nonetheless, this illustrative model provide a useful first insight into the robustness

of different methods and specifications to a specific form of selection bias in the sample.

3.4.3 Classical measurement error

Survey data is subject to measurement error, due to the method of data collection, the

respondent, or the questionnaire (Biemer et al. (2013)). Measurement error can be caused

by reporting bias, errors in recollection, and errors in enumeration. We take a first step

towards allowing for measurement error by simulating classical measurement error in pre-
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dictor variables obtained from the survey. Specifically, for continuous predictor variables,

we add a normally distributed error term distributed with mean 0 and variance equal to

half the cross-sectional variance in the survey variable, estimated from the sample. Thus,

we simulate a reliability coefficient of 0.5. For dummy variables, we simulate an incorrect

report with 10 percent probability, replacing 0 with 1 and vice-versa in those cases. In

Brazil, educational attainment is measured as an ordinal categorical variable. In this case,

for 5 percent of households we add one if possible, and for 5 percent of households we sub-

tract one if possible. These are also intended to be illustrative of how one particular type

of measurement affects the accuracy of estimates. Further research would be useful to ex-

amine the impact of other types of measurement error in the survey, including non-classical

measurement error (Bound et al. (2001)), as well as measurement error in the census.

3.4.4 Smaller samples

Finally, we explore drawing three types of smaller survey samples to examine how this

affects the relative accuracy of different approaches. We refer to these samples as “large”,

“medium”, and “small” and report their corresponding sample sizes in Table 3. The main set

of samples for Mexico, as described in Section 3.2, includes up to 8 PSUs per municipality

in the second stage, while the third stage includes 20 households in each rural areas and

5 households in each highly urban area. This implies a relatively large sample of approx-

imately 78,000 households in 2020, 106,000 households in 2015, and 74,000 households in

2020. In all three of the smaller Mexian samples we reduce the second stage to 5 PSUs

in each sampled municipality. The three variants thus differ in the size of the third stage

of the samples. The “large” sample includes 16 households per PSU in rural areas and 4

households per PSU in urban areas, the “medium” sample includes 7 households in rural

PSUs and 2 in urban PSUs, and the “small” sample includes 3 households in rural areas and

1 in urban areas. Thus, as seen in Table 3, the total size of the variants are approximately
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55%, 30%, and 15% of the size of the main samples. For Brazil, the main set of samples

described in section 3.2, all samples included up to 10 PSUs per municipality. This was

not changed for the three types of smaller samples. Instead, the third stage was reduced

from 28 households in the third stage to 16 for the large sample, 8 for the medium sample,

and 4 households per PSU for the small sample. Therefore, the total size of the variants

are approximately 60%, 30%, and 15% of the size of the main samples.

3.5 Evaluation metrics

We focus on two comparative performance metrics: The rank correlation between the

estimates and the truth, and the mean absolute error (MAE) of the estimates. The rank

correlation provides a measure of how accurately different methods rank target areas from

poorest to least poor. This measure only evaluates the accuracy of rankings and not the

estimated poverty levels themselves. MAE is therefore a useful supplemental measure of

accuracy.

If we define P̂ as the vector of area estimates to be evaluated and P ∗ as the benchmark

“truth” derived from the census data, and R
(
P̂
)

and R (P ∗) measure the ranking across

areas of the predicted and true poverty rates respectively, then the rank correlation is

defined as:

RC =
Cov

(
R
(
P̂
)
, R (P ∗)

)
σR(P̂)σR(P ∗)

, (1)

where σR(P̂i) and σR(P ∗
i )

are the standard deviations of R
(
P̂i

)
and R (P ∗

i ). The MAE is

defined as: 1
A

∑A
i=1

∣∣∣P̂i − P ∗
i

∣∣∣, where A is the number of municipalities in the population,

and P̂i and P ∗
i are the estimated and true poverty rates, respectively, for municipality i.

Therefore, for both evaluation indicators, each municipality is given equal weight.

Finally, we report the results of a simulated transfer program that provides a fixed

per capita income transfer to households equal to 10 percent of the poverty line, following
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Merfeld et al. (2025). In each case, households are ranked according to the estimated

poverty rate of their area, estimated using different approaches. The simulated program

provides transfers to households whose estimated municipal poverty rate is above the X th

percentile, where X is equal to one hundred minus the national poverty rate. This ensures

that a share of the population approximately equal to the national poverty rate benefit from

the program in each case.13 We then recalculate the poverty gap following the simulated

transfer, for each of the 100 samples and average across them. We report the average

poverty gap rather than the headcount rate when simulating impacts on poverty, because

targeting areas based on their poverty headcount rates maximizes the impact of a transfer

program on the poverty gap (Besley and Kanbur, 1991; Kanbur, 1986).14 In addition, we

report the share of poverty reduction achieved by each method relative to that achieved

by using an ebp unit level model, which is the approach that generally produces the most

accurate estimates. This indicates the extent to which the poverty impact of the simulated

transfer program, in terms of its effect on the poverty gap, is reduced when targeting based

on headcount poverty estimates generated by other approaches.

3.6 Direct estimates

The direct estimates derived solely from the survey data are useful as a benchmark. One

would expect small area estimates to be more accurate than direct estimates due to the

utilization of additional information from the census data. Direct estimates of the poverty

headcount rate for each area can be obtained following Horvitz and Thompson (1952) and
13The share of the population receiving simulated transfers varies slightly across the methods used

to targeting, due to differences in the cumulative population distribution when ranking municipalities
according to different sets of estimates.

14In contrast, targeting areas based on the share of households that are "barely poor", and would become
non-poor as a result of the transfer, would maximize the impact of a transfer program on headcount poverty.
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Foster et al. (1984) as:

P̂ dir
i =

∑ni

j=1wijI (Yij < Z)∑ni

j=1wij
, (2)

Where P̂ dir
i is the estimated direct poverty estimate for area i, ni is the number of sample

households in area i, wij is the product of household size and the household sample weight

for household j in area i, and I (Yij < Z) is an indicator function for whether household

per capital income yij falls below the poverty line Z.

Besides providing a useful benchmark for evaluation, the variance of the direct esti-

mates are esssential inputs when estimating the Fay-Herriot model. We follow Molina and

Marhuenda (2015) by using the Horvitz-Thompson approximation to estimate the variance

of the direct poverty estimates. The formula for the Horvitz-Thompson variance aproxima-

tion, using the sum of the sample weights as an approximation of population size for each

area, is given in appendix A. This estimator assumes that the probability of selection of

each unit into the sample is independent of the probability that any other unit is selected.

This assumption does not hold in standard two stage samples, because two households

from the same PSU are more likely to be sampled than would be the case if each household

were selected independently from the population. However, the estimator appears to be

quite robust to violations of this assumption, as coverage rates are generally reasonable

in design-based simulations (Masaki et al. (2022), Newhouse et al. (2025), Edochie et al.

(2024b) and can be far more accurate than standard cluster-robust variance estimates that

do not account for intercluster correlation within target areas. We then follow best practice

by smoothing these direct estimates of variance, as described in appendix A. This ensures

that all variance estimates are strictly positive, which greatly improves accuracy in some

cases.
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4 Results

This section presents the results of the design-based simulations and is divided into four

subsections. The first subsection presents various diagnostics associated with the consid-

ered models and methods. The second discusses the comparative performance of models

and methods when there are no data imperfections. The third analyzes how compara-

tive performance changes when the sample data is subject to various imperfections. The

final subsection examines how rescaling survey weights, as well as different methods for

incorporating weights, impact comparative performance.

4.1 Model diagnostics

Table 4 gives basic diagnostics for three EBP specifications: Unit-level models, PSU-context

models, and area-level models. It shows that the model fit, in terms of explaining inter-area

variation, is much greater for Brazil than for Mexico. This is seen clearly in the Intracluster

Correlation Coefficient (ICC), defined as ICC = σ̂2
u

σ̂2
u+σ̂

2
ϵ
. Across the three Mexican surveys,

the average ICC ranges from 5 percent for the unit-context model with PSU covariates to

7.3 percent for the unit-context model with area-level covariates. The analagous range for

Brazil is only 0.9 percent to 1.4 percent. As a result, we expect the benefit of using EBP

relative to ELL to be greater in Mexico than Brazil.

With respect to the normality of the residuals, we see greater normality in Mexico than

Brazil. In particular, the kurtosis of the area effect in Brazil is 14 to 15, much greater

than the value of 3 associated with a normal distribution. In addition, kurtosis is high in

the 2020 Mexican census, at 20 for the household error and 9 for the area effect residual

(results not shown). This should also raise the relative performance of ELL relative to EBP

in Brazil, since ELL does not assume the error terms are normal.

Table 3 reports the marginal and conditional R2 both across households and across
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target areas. Marginal R2 refers to the share of the variance in welfare explained by the

predictor variables xij, while conditional R2 refers to the share of the the variation explained

by xij and the predicted random effects b̂i. Area R2 is an important indicator because the

model is ultimately used to generate area-level estimates.

A striking finding is the high area R2 values in Brazil relative to Mexico. This reflects

the success of the model in explaining variation in welfare across municipalities, in part

because of the abnormally low amount of sampling error in the second stage of the Brazillian

samples. As expected, household-level R2 falls greatly when moving from unit-level models

to contextual models. However, moving from unit to contextual models leads to relatively

small declines in area-level R2 values, suggesting that unit-context models may perform

well for generating area-level estimates.

Finally, given the potential importance of bias due to informative sampling when weights

are not rescaled, Table A2 examines several measures related to the informative nature of

the sample. The first row gives the average skewness of the weights across areas. The

results show that the distribution of weights across areas is positively skewed in all cases,

with the most skewness in Brazil, followed by Mexico 2010, Mexico 2015, and Mexico 2020.

In part because of this skewness, using population weights without rescaling reduces the

effective sample size, in terms of the number of areas. The second row gives the effective

sample size, defined as

ESS =

(∑M
i=1wi

)2
∑M

i=1w
2
i

(3)

where wi =
∑

j∈iwij is defined as the sum of the sample weights for all sample households in

area i. Applying sample weights greatly reduces the effective number of areas in the sample,

for example from 900 to 85 in Mexico 2000 and from 900 to 144 and 147 in Brazil’s 2000 and

2010 round respectively. The third row of Table A2 gives the result of an informal test of

informative sampling recommended by Pfeffermann and Sverchkov (2009). Specifically, the

24



table reports the average, across one hundred samples, of |γ̂| estimated from the following

weighted OLS regression:

wij = x′ijβ + yijγ + ϵ (4)

where wij is the sample weight for household i in area j, and xij and yij are defined

as in equation 6. The average absolute value of the coefficients is exceptionally high in

the Mexico 2010 round, at approximately 90,000, but also exceeds 2000 in the other two

Mexican rounds. In Brazil, it is much lower, at approximately 300. The fourth row shows a

measure of informative sampling within areas, obtained from estimating γ̂ from a demeaned

version of equation 4:

(wij − w̄i) = (xij − x̄i)
′ β + (yij − ȳi) γwa + ϵ (5)

where γwa indicates within-area. We report the average absolute value of γwa across samples.

Within areas, the Mexico 2010 round continues to stand out as very highly informative,

with a measure over 70000. The Mexico 2015 and 2020 rounds are also clearly informative,

with a measure of at approximately 2500, but this measure falls to approximately 100 in

Brazil. This reflects the differences in the design of the second stage of the sampling design,

which is explicitly informative in Mexico and uses simple random sampling in Brazil.

The bottom panel of Table A2 shows comparable diagnostics when the weights are

rescaled. After rescaling the weights, skewness across areas falls dramatically, with a re-

sulting increase in the effective sample size of areas relative to using unscaled weights. The

most striking difference is in the measure of informativeness, which falls to essentially zero

both in the full sample and within areas. When examining the within-area measure of in-

formativeness, this is entirely due to the difference in the weights applied to the regression.

Using rescaled wights increases the effective sample size across areas by giving areas more

equal weight during model estimation. This in turn makes model estimation less prone to
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sampling error in particular populous areas that are given disproportionate weight when

using raw sample weights. Thus, rescaling the sample weights makes the estimates far less

succesptible to inaccuracy due to sampling error.

4.2 Results with "perfect" data

Finding 1.1: EBP estimates are slightly more accurate than ELL estimates in Mexico but

equally accurate in Brazil.

This can be seen in Table 5, which shows average rank correlation and mean absolute

error across the three rounds for Mexico and two rounds for Brazil (Table A3 confirms

that the same patterns hold for each round). The left three columns show results for

Mexico while the right three show results for Brazil. Results are shown separately for

all municipalities, in-sample municipalities, and out of sample municipalities. Each row

represents a different method and model specifications. Sample weights are rescaled to

sum to the sample size in each area, and the EBP models are estimated using hybrid

weights, as described in Appendix B.3.

The comparisons between EBP and ELL unit-level models can be seen in the top two

rows of the top and bottom panels. In Mexico, EBP unit-level models on average have a

rank correlation with the true values of 0.956, as compared with 0.948 for ELL. Similarly,

when looking at mean absolute error, the average for unit-level EBP models is 5.3 percent-

age points, as opposed to 5.9 percentage points for ELL. As expected, the advantage of

EBP is greater for in-sample areas, though it also retains an accuracy advantage in out-of-

sample areas. 15 Figure 1 shows the full distribution of errors across methods and rounds.

The bottom panel reports the combined distribution for each country. When comparing

the top two bars, the distribution of errors is slightly greater for ELL than EBP. Finally,
15This may indicate that differences in the estimation procedure for ELL such as the correction for

heteroscedasticty reduces accuracy in this case.
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in the targeting simulations described in Section 3.5 and reported in Table 6, the impact

of the program on the poverty gap is 99.83 percent the size of the impact when using EBP

estimates, indicating a 17 basis point reduction in the poverty impact when targeting based

on ELL estimates instead of EBP estimates.

The results from Brazil are quite different from those from Mexico, partly due to the

small intra-cluster coefficient, which is 0.014 on average in Brazil and 0.063 in Mexico (Ta-

ble 4). In Brazil, unit-level EBP and ELL estimates are equally accurate, with an overall

rank correlations of 0.969. When judging by mean absolute error, ELL is very slightly more

accurate on average than EBP, with an average MAE of 3.9 percentage points for Brazil

as opposed to 4.0 percentage points for EBP. There is no meaningful difference between

in-sample and out-of-sample areas. In Figure 1, there is no distinguishable difference in

the distribution of errors. Table 6 indicates that a simulated transfer program that targets

based on ELL has the same impact on poverty in Brazil as one that targets based on EBP.

Finding 1.2: EBP specifications that omit household-level variables are comparably ac-

curate with EBP unit-level models in Mexico and slightly less accurate in Brazil.

This can also be seen in Table 5, Figure 1, and Table 6. As noted above, table 5 indicates

that the Mexico EBP unit-level models on average have a rank correlation of 0.956 with

the true poverty rates. Sub-area models, which use PSU-level poverty estimates as the

dependent variable, have the next highest average correlation at 0.955. This is followed

closely by unit-context models with PSU-level predictors, at 0.954. Differences in the full

distribution in Figure 1 are barely noticeable, although sub-area model estimates appear to

be slightly less susceptible to large inaccuracies. The minor differences across approaches

translate to negligable differences in poverty impacts when simulating the transfer program.

Poverty reduction fall 4 basis points when using the sub-area model instead of the ebp

unit-level model, and 1 basis point when using the unit-context model (Table 6). In Brazil,
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sub-area models are still only slightly less accurate than unit-level models, with accuracy

falling from 0.969 to 0.967. PSU unit-context models are in turn slightly lower than sub-

area models, with an average rank correlation of 0.965. In both countries, similar patterns

are seen in mean absolute error. Table A3 shows that the patterns are similar for each year

within countries. When looking at poverty impacts in Table 6, unit-context and sub-area

models reduce the poverty gap by 13 and 15 basis points less than ebp unit-level models,

respectively.

Finding 1.3: Fay-Herriot area-level models and PSU-level machine learning models are

slightly less accurate than EBP specifications that omit household variables. This can also

been seen in Tables 5, 6, and Figure 1. Both Fay-Herriot and PSU-level machine learning

models are slightly less accurate than sub-area and PSU unit-context models. In Table 5,

BRF and Fay-Herriot models have a rank correlation of 0.948 in Mexico on average. This

is slightly below the PSU unit-context and sub-area models, which are at 0.955 and 0.954.

Figure 1 shows little discernible difference between Fay-Herriot, BRF, ELL models, and

PSU unit-context models, though each tends to be a tiny bit less accurate than EBP unit

and sub-area model. Table 6, targeting based on the Fay-Herriot estimates is comparable

but slightly less effective than using the sub-area model and PSU unit-context models, as

the poverty gap is reduced by 10 basis points relative to the ebp benchmark (as opposed

to 1 and 4 basis points). In Brazil, meanwhile, the Fay-Herriot model has an average rank

correlation of 0.965, which is equal to the PSU unit-context model (0.965) and only slightly

below the sub-area model (0.967). Targeting based on the Fay-Herriot model reduces the

poverty gap by 34 basis points less than the unit-level models. This is 21 basis points less

than the comparable figure for ebp unit-context models, which is 13 basis points.
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4.3 Data Imperfections

4.3.1 Old survey or census data

Finding 2.1: Models that use only area-level predictors are more robust to the use of old

survey or census data than models that use household-level predictors.

Tables 9 and 10 show results in Mexico and Brazil when using old survey or census data.

As noted above, above, PSU level aggregates are unfortunately unavailable for this exercise.

We therefore only consider specifications that use household and area-level variables or

specifications that use area-level aggregates only. In general, the models using area level

predictors are more robust than the unit-level models when using old census data, largely

negating the advantage of the latter when there is no bias. For example, when examining

the third column of numbers in table 9, in terms of rank correlation the unit-context model

is only slightly less accurate than the EBP unit-level model (0.925 vs 0.935) and the Fay-

Herriot model (0.939) is more accurate. The same pattern is apparent in the second column

of Table 10, where the area-context model is equally accurate (0.951) and the Fay-Herriot

model slightly more accurate (0.953) than the unit-level EBP model (0.951).

This pattern also appears when using old survey data. For example, looking at the 4th

column of Table 10, the area-level unit context model (0.938) is slightly more accurate than

the unit-level model (0.937), while the rank corrrelation of the Fay-Herriot model (0.944)

is about 0.7 percentage point higher than the unit-level EBP model. Unfortunately we

cannot observe the performance of unit-context models with PSU level variables when age

bias is present. But Table 5 shows that unit-context models with PSU level variables are

significantly more accurate than those with only area level variables. It therefore seems

very likely that EBP unit-context models with PSU-level aggregates would outperform

unit-level models when there is a 5 year old mismatch between the survey or census data

in Mexico, and a 10 year mismatch in Brazil.
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Finding 2.2: In the presence of selection bias, Fay-Herriot models become dispropor-

tionately less accurate.

Table 11 shows the results for the simulations in which we introduce selection bias

into the design-based simulations, as described in section 3.4.2. As expected, the direct

estimates are biased and therefore less accurate. In Mexico, the effect of selection bias on

the accuracy of the direct estimates is large, as the rank correlation between the direct

estimates and the full census falls nearly ten correlation points from 0.881 in 0.783. The

latter level of correlation between direct estimates and census values is similar to what has

been observed in evaluations of non-monetary welfare indicators, for example in Tanzania

in Masaki et al. (2022). The effect of selection bias on the accuracy of direct estimates is

smaller In Brazil, partly because all population clusters are sampled in approximately 98

percent of municipalities. Nonetheless, the rank correlation of the direct estimates falls 6.2

percentage points when introducing selection bias in Brazil, from 0.943 to 0.881.

The most striking finding when introducing selection bias is the poor performance in

Mexico of the unit-context model with area-level variables. The average rank correlation

reported in Table 11 is only 0.8 in Mexico for the unit-context model with area-level pre-

dictors, only a bit better than the direct estimates. However, of the remaining approaches,

The Fay-Herriot model is the least accurate by a significant margin, with an average rank

correlation of 0.929. In contrast, the models that incorporate PSU level predictors achieve

a higher average rank correlation, of at least 0.942 (ELL). The EBP unit-context model

with PSU level variables has an average rank correlation of 0.950, just a tick below the

EBP unit-level model of 0.952. The sub-area model, by a slight margin, is the most ac-

curate on average, with an average rank correlation of 0.953. The results for MAE tell a

similar story, with the area unit-context model by far the least accurate, followed by the

Fay-Herriot model. The sub-area model again is most accurate, followed closely by the

EBP unit and the PSU unit-context model, which are themselves only 0.1 pp apart.
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The results for Brazil differ greatly, as introducing selection bias has smaller impacts

on the estimates. However, in this case the Fay-Herriot estimates again decline dispropor-

tionately. Fay-Herriot models yield the lowest rank correlations, at 0.956, and the second

lowest mean absolute errors to unit-context models with area-level predictors.

Overall, the results highlight the large advantage of using methods that can incorporate

PSU level variables when selection bias is present at the PSU level, as in the simulations

using Mexican data. Because the model uses household and/or PSU-level predictors, it can

capture systematic differences between sampled and non-sampled PSUs. The Fay-Herriot

and area-level context models, on the other hand, cannot incorporate PSU-level information

in the predictors, with negative consequences for accuracy when significant selection bias

is present.

Finding 2.3: The accuracy of Fay-Herriot estimates declines disproportionately as the

sample size is reduced.

So far, the results have only considered one type of sample design, as described in

Section 3.2. Although this design was intended to follow the main household surveys used

in Mexico and Brazil, many other countries collect smaller household surveys to measure

poverty. Smaller sample sizes may degrade the performance of some types of statistical

methods and models more than others. We therefore repeated the simulations using three

different types of samples: Large, Medium, and Small, as described in Section 3.4.4. These

three types of samples vary the number of households sampled in the third stage. All are

smaller than the main samples described in Section 3.2 used for all other analysis.

The results are shown in Figure 3 for Mexico and 4 for Brazil. The figures show the

average rank correlation of the estimates produced by each method and the truth derived

from the census, across the three Mexican rounds (2010, 2015, and 2020) and the two

Brazilian rounds (2000 and 2010). Since 100 samples were drawn for each round, the

reported averages are taken across 300 samples in Mexico (3 rounds times 100 samples per
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round) and 200 samples in Brazil. We do not show results for unit-context models with

area-level predictors, which consistently perform poorly in other settings. As expected,

performance for all methods declines monotonically as the sample shrinks.

The results indicate a disproportionate decline in the accuracy of the Fay-Herriot esti-

mates as the sample size is reduced. In Mexico, when evaluating using rank correlation,

the average correlation for the Fay-Herriot estimates is 0.911 in the smallest sample, mod-

erately below the next lowest of 0.928. The pattern is similar for mean absolute error. The

Fay-Herriot estimates have the largest MAE at 7.4 pp in the smallest sample, moderately

larger than ELL at 6.7 pp. This pattern is also seen in Brazil, where for the small sample

the Fay-Herriot model estimates have an average correlation of 0.953, which is similar with

BRF (0.954) and sub-area models (0.955). This is also reflected in the MAE. While the

poor performance of the Fay-Herriot model is most apparent in the smallest sample, the

Fay-Herriot estimates are the least accurate in all the smaller sample variants, except in

the large sample in Brazil where it overtakes BRF. Although Figures 3 and 4 only show

the averages across rounds, these same patterns also hold for each indiovidual round.

Finding 2.4: Variance smoothing for Fay-Herriot models is important in small or se-

lected samples.

The Fay-Herriot models considered so far follow good practice by smoothing the variance

estimates prior to estimation, as described in appendix A. However, variance smoothing is

not automatically applied in available software packages and is therefore not always imple-

mented by practitioners. Table 12 compares the accuracy of Fay-Herriot model estimates

when smoothing and not smoothing the direct estimates of the smoothing. When using the

main sample, using the raw variance estimates has no discernible impact on rank correla-

tions, and modestly increases mean absolute error in Mexico. For example, not smoothing

increases mean absolute error from 5.9 to 6.4 pp in 2010 and from 5.9 to 6.7 pp in 2020.

However, when using the smallest sample, the impact of variance smoothing is large, par-
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ticularly on mean absolute error. When variance smoothing in not implemented in the

smallest sample, mean absolute error ranges from 11.5 pp (in Mexico 2015) to 23.7 pp

(in Brazil 2010). Similarly, when selection bias is present, accuracy deteriorates greatly in

Mexico when using Fay-Herriot models without variance smoothing, with rank correlations

ranging from 0.795 (in 2015) to 0.865 (in 2010).

This pattern highlights the importance of variance smoothing in boundary cases where

all sample households in an area are either non-poor or poor. In these cases, the estimated

variance of the direct estimates is zero, meaning that a Fay-Herriot model without variance

smoothing estimates poverty in those areas to be either zero or one hundred percent.

Model parameters are estimated under the assumption that these boundary estimates are

certain, introducing bias into model estimates. Samples are particularly susceptible to

this problem when they are smaller, making boundary estimates in the sample more likely

to occur. Similarly, the manner in which we implemented selection bias systematically

excluded poor households from the simulated samples, increasing the numbers of areas

with no poor households in the samples subject to selection bias. Variance smoothing

addresses this issue by ensuring that the assumed variance of the direct estimates when

estimating the Fay-Herriot model is strictly positive.

Finding 2.5: Neither unit-level or unit-context models are dominant when simulating

classical measurement error in survey data.

The results shown so far are based on simulations that assume that the sample and

census questions are each measured in the same way and that the sample is collected

without error. In practical settings, sample and census data that measure the same concept

can vary due to minor differences in wording, differences in respondents, or reporting or

processing error. This subsection takes a small step towards relaxing the assumption that

the survey and census data are identical for sampled households, by considering a stylized

way in which measurement error in survey data can affect the estimates. In particular,
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we simulate classical measurement error in the simulated survey in several covariates. In

Mexico, we simulate error in three continuous variables: Individual age, completed years

of education, and the number of rooms in the house. For all three variables, we add a

measurement error term, randomly drawn from a normal distribution with mean zero and

standard deviation equal to 10 percent of the standard deviation of the variable in the

sample. Any resulting negative values are set to zero. For binary variables, we simulate

measurement error by replacing the value with its complement in a randomly selected 2

percent of cases. In Mexico, this is applied to individuals’ sex and literacy status, as well as

household asset ownership and housing characteristics. In Brazil, the education variable is

measured categorically. For the lowest and highest categories, we shift the category by an

amount equal to one in a randomly selected two percent of cases. For the middle categories,

we shift the variable up one in a randomly selected one percent of cases and down one in

another randomly selected one percent of cases.

In this simple scenario, we do not introduce any error into contextual variables, since

these are drawn from the census which is assumed to be collected without error. In addi-

tion, we do not introduce any error into the dependent variable, although we expect that

introducing additional random noise would have similar effects as reducing the size of the

sample. Therefore, only the ELL and EBP unit level models are affected by the simulated

measurement error, since these are the only specifications that use predictors from the sur-

vey. Because of this particular set up, the only impact that measurement error has is to

attenuate the coefficient on household level variables in the estimated model towards zero.

As seen in Figures 5 and 6, the introduction of classical measurement error generally

has minor impacts, but in some cases affects the relative rankings of different methods.

In Mexico, introducing measurement error only reduces correlation by 0.001 and the EBP

unit-level model, which even with error outperforms all other models and methods. When

it comes to mean absolute error, however, there is a larger impact for the EBP unit-level
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model, as the introduction of error leads to a 0.8 pp increase in MAE. This is enough to make

the EBP model with error 0.5 pp less accurate than the EBP PSU unit-context model. For

Brazil, the simulated measurement error has a stronger impact on rank correlation, reducing

correlation for the EBP unit-level model by 0.6 pp. This puts the correlation of the EBP

unit-level model with error a bit below the unit-context model. When it comes to mean

absolute error in Brazil, however, the EBP unit-level model with error does slightly better

than the unit-context model on average, by about 0.1 pp. In short, neither the unit-level nor

the unit-context model are dominant under the small amount of classical measurement error

introduced in this set of simulations. Allowing for survey measurement error in household

predictors that is correlated with the true values of the predictors may tip the balance

further in favor of the unit-context model. In addition, allowing for measurement error in

household income would harm EBP estimates more than synthetic estimates like ELL and

BRF, since EBP estimates would be conditioned on sample data measured with error. On

the other hand, if the survey is subject to less measurement error than the census, this

could benefit unit-level EBP models, which are less vulnerable to bias in the census data

than purely synthetic methods that do not condition on the sample data.

4.4 Adjusting for survey weights

All of the results for unit-level models reported in Table 5 above use rescaled weights,

where the weights are normalized in each municipality to sum to the sample size.16 This

avoids a large reduction in the effective sample size across areas, and is a common rec-

ommended method for rescaling weights when estimating linear mixed models (StataCorp,

2023). However, practitioners typically use the raw survey sample weights as given, without

rescaling. In addition, there are several different methods for incorporating weights when
16Each area is given equal weight when estimating Fay-Herriot models, making weight rescaling unnec-

essary
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estimating EBP models. This section examines the impact of using the raw weights without

rescaling, and of using different weighting methods, on the accuracy of estimates produced

using different models and methods. We organize the results into five main findings:

Finding 3.1: In Mexico, rescaling weights is as or more important than the choice among

the set of considered models and methods.

Table 7 shows that when estimating unit-level models, the failure to rescale weights

greatly reduces accuracy in Mexico. In particular, the average rank correlation between

the estimates and the "truth" falls from 0.956 when using the rescaled weights to 0.919

when not rescaling the weights, and the mean absolute error increases 30 percent from 5.3

pp to 6.9 pp. Therefore, the unit-level model without weight rescaling is less accurate on

average than all other tested methods and models in Mexico that use rescaled weights, with

the exception of unit-context models that only use area-level predictors, when using mean

absolute error as a measure of accuracy.

Table A5 breaks out accuracy separately by round, and separately for in and out of

sample municipalities. The decline in accuracy in Mexico when weights are not rescaled

is largest for the 2010 round, followed by 2020 and 2015. The negative impacts of not

rescaling are much larger for non-sampled municipalities than municipalities. In all three

Mexican rounds, the negative impact of using raw weights on accuracy exceeds the negative

impact of using unit-context models, by a large aomunt in non-sampled areas. The impacts

of not rescaling the weights are much smaller in Brazil. Nonetheless, failing to rescale the

weights in Brazil moderately affects the accuracy of the ELL estimates, reducing the rank

correlation by a point and increasing mean absolute error by 0.4 pp.

Figure 7 sheds light on how sampling error in highly weighted areas in Mexico degrades

the accuracy of estimates from unit-level models when weights are not rescaled. The

vertical axis indicates municipal-level sampling error, defined as the difference between the

estimated municipal average of log per capita income derived from each synthetic sample
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and the and the "true" mean obtained from the census. The horizontal axis indicates

the log population size of the area. The three lines show a locally smoothed estimate

of mean sampling error by log population size, separately according to the accuracy of

the poverty estimates derived from that simulated sample. Accuracy is measured by the

rank correlation between the poverty estimates obtained using that sample and the "true"

poverty values in the census. Thus, when a line passes through -0.2 on the vertical axis, this

indicates that the sample underestimated income by approximately 20 percent on average

for municipalities with a particular population. The bars in the background indicate the

weighted distribution of population size both when weights and rescaled and when they

are not.

In Mexico, a clear relationship emerges between the accuracy of the estimates when

using raw weights and the extent of sampling error in large municipalities, especially Mexico

City which is the largest municipality. In 2000 and 2010, in simulated samples that yield

the least accurate estimates, there is large negative sampling error between 0.2 and 0.3 in

the most populous municipalities. This is consistent with the informative sample design

within areas in Mexico, which tends to omit small, wealthy, PSUs within populous areas

like Mexico City from the simulated samples in the second stage of the sample. In 2015,

meanwhile, where the accuracy penalty from using raw weights is smaller, there is moderate

positive sampling error from 0.05 to 0.1 in the most populous areas. The difference in

sampling error in large municipalities between 2015 and the other two rounds in Mexico

could be explained by an differences in sampling strategy used by INEGI. When conducting

the 2015 intercensus, clusters were sampled with probability proportional to size, whereas

the 2010 and 2020 census extracts sampled clusters within municipalities using simple

random sampling. Thus, the 2015 intercensus frame was less likely to include small, wealthy

PSUs within populous municipalities that caused negative sample error in the 2010 and

2020 rounds when they were omitted from the synthetic samples. Nonetheless, even the
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more moderate positive sampling error among the most populous areas in 2015 leads to a

large degradation of accuracy in estimates using unit-level models, amounting to an average

of 2.3 correlation points for out of sample areas (Table A5).

Sampling error in populous areas is important in Mexico when using raw weights, be-

cause of the disproportionate weight given to these municipalities as indicated by the height

of the bars on the right of Figure 7. Sampling error among the least populated areas has

negligible impact on accuracy because of the small amount of weight these municipalities

receive, whether weights are rescaled or not. However, using raw weights makes estimates

from linear models less accurate by fitting the model to sampling error in the most popu-

lous Mexican areas such as Mexico City. Rescaling redistributes the weights to moderately

populated areas, where sampling error is averaged across more municipalities and is minor

in all cases. In Brazil, where the second stage of the synthetic samples typically included

all population PSUs, and used simple random sampling when necessary, sampling error is

minor in both rounds.

Table A6 in the annex shows that using raw weights in 2010 and 2020 substantially

increases the variance of the estimated random effect. Ignoring weights altogether, on the

other hand, has minor impacts on the accuracy of unit-level model estimates in Mexico,

and has a much smaller impact on the variance of the random effect in table A6. This is

consistent with the importance of the effective sample size across areas, which is the same

when rescaling the weights as it is when ignoring weights, in determining the accuracy of

the estimates in Mexico.

Finally, Figure 8 shows a scatterplot for each round. Each point represents a different

simulated sample. The horizontal axis indicates the effective sample size across areas while

the vertical axis shows the accuracy of EBP unit-level estimates, as measured by the rank

correlation with the true census values. The Xes on the left of each graph are estimated

using raw sample weights without rescaling, while the dots on the right are estimated using
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rescaled weights. In all cases, the Xes are far to the left of the dots, reflecting the reduction

in the effective sample size across areas when using raw sample weights. In Mexico, the

Xes consistently lie below the dots, consistent with the reduction in accuracy when not

rescaling the weights reported in Table 7. Furthermore, the estimates using raw weights

in Mexico show much more variability in accuracy across samples than the estimates using

rescaled weights. Finally, in Mexico, when weights are not rescaled there is a strong positive

relationship across samples between the effective sample size across areas and the accuracy

of the estimates derived from that sample. In Brazil, where sampling error is minor, there

is no discernible relationship. In sum, using raw weights provided with the survey without

rescaling reduces the effective sample size across areas, which in Mexico is associated with

markedly less accurate and reliable estimates.

Finding 3.2: Not rescaling sample weights distorts methodological comparisons in Mex-

ico

This is particularly noticeable in comparisons between EBP unit-level and unit-context

models, and in comparisons between EBP unit-level models, sub-area models, and Boosted

Regression Forests. In Mexico, the average rank correlation of unit-context models with

PSU variables falls from 0.954 when normalizing the weights to 0.906 when using the raw

weights. For unit-context models with area-level variables, the average rank correlation falls

further, from 0.934 when normalizing the weights to 0.865 when using the raw weights.

(column 1 in Table 7). Thus, not rescaling the weights greatly increases the penalty to

accuracy when estimating unit-context models, relative to unit-level models.

Conversely, Boosted Regression Forests (BRF) and sub-area models are much more

robust than EBP estimates to not rescaling weights. In table 7, the rank correlation of

boosted regression forests falls only 0.3 correlation points, from 94.8 to 94.5, when using

raw population weights instead of rescaled weights. This is far smaller than all the other
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methods, where the reduction ranges from 2.2 correlation points (sub-area model) to 6.9

correlation points (unit-context model with area-level predictors). This is because the BRF

model does not impose a linear functional form, making it less vulnerable to bias stemming

from sampling error in the most populous and highly weighted areas. Furthermore, sub-area

models are also more robust to using raw sample weights, perhaps because mean poverty

is less subject to sampling error in the most populous areas than log per capita income in

this case.

4.4.1 Alternative EBP weighting methods

All of the results reported above use the hybrid weighting method to estimate EBP mod-

els. Table 8 shows how results change for these models when using three other weighting

methods: The partial adjustment method, the nlme method, and the GLS method.

Finding 3.3: Using the hybrid and GLS weighting methods generally give the most accurate

estimates

This can be seen in table 8. In all cases, differences in accuracy between the hybrid and

GLS weighting methods are negligible. While the hybrid and GLS methods generally give

the most accurate estimates, there are exceptions. For example, the partial adjustment

method estimates have slightly higher rank correlations in Mexico when estimating unit

level and unit-context models with PSU-level covariates (0.957 vs 0.955). However, these

differences are minor, and the partial adjustment method is also associated with higher

mean absolute errors (0.55 vs 0.53 percentage points). In Brazil, the choice of weighting

method has minor impacts on the accuracy of the estimates.

Finding 3.4: Use of the partial weighting method greatly increases mean absolute error

when estimating unit-context models in Mexico
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This is also apparent in table 8. When estimating unit-context models with PSU-

level aggregates, using partial adjustment weights instead of hybrid weights raises mean

absolute error 5.5 pp from 7.2 pp. When estimating unit-context models with area-level

aggregates, mean absolute error rises to 10.4 pp. This pattern is not seen in Brazil. These

results can be explained by the informative nature of the Mexican sample. In Mexico, the

average estimated variance of σ2
v is 0.034 when using the hybrid weights (results not shown).

However, it is only 0.018 when using the partial adjustment weights, which is mechanically

equal to the variance component estimates when using no weights. This is a large enough

difference to cause substantial upward bias in the estimated poverty rates when using the

partial adjustment weighting method. In Brazil, the sample is not informative within

municipalities and the magnitude of the estimated area effect is small, as it is only 0.006

when using the hybrid weights and 0.004 when using the partial adjustment method. In

the Brazillian context, using the partial adjustment method only leads to a slight upward

bias in estimated poverty rates.

5 Conclusions

This paper evaluates the comparative performance of different methods of small area

poverty estimation under different conditions using unique micro-census data from Brazil

and Mexico. What makes these data unique is that they contain a measure of household

labor income, which is highly unusual for population census data, allowing us to establish

a measure of true poverty rates at the small area level. We adopt design-based simulations

in an effort to replicate a variety of empirically relevant conditions.

The main findings are four-fold. First, between estimates derived from unit-level models,

EBP is modestly more accurate than ELL estimates in the case of Mexico, while the two

approaches are at par (i.e., yield similar levels of accuracy) in the case of Brazil. A key
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factor in determining the relative performance of EBP versus ELL, and a major reason why

EBP outperforms ELL in Mexico but not in Brazil, is the intracluster correlation coefficient

(ICC). The ICC, which is also known as the location effect, is defined as the ratio of the

variance of the random effect to the variance of the total error. In Mexico, the ICC is

about 6 percent, while in Brazil it is about 1.5 percent. This observation is consistent with

Elbers and van der Weide (2014), which finds that ELL is typically at par with EBP when

the ICC is below 2.5 percent.

Second, the comparative performance of unit-context models are found to be contingent

on a variety of factors. We make an important distinction between unit-context models

that include both PSU and target-area level predictors and models that only include area-

level predictors. In both cases, the dependent variable is log household income per capita.

On average, rank correlations fall by 0.2 percentage points (pp) in Mexico and by 0.4 pp in

Brazil when household level predictors are omitted (i.e., when using unit-context models

instead of unit-level models). This translates into a minor reduction in the effectiveness

of a simulated transfer program in reducing the poverty gap, amounting to 0.01 pp in

Mexico and 0.13 pp in Brazil. Dropping sub-area predictors and solely relying on area-

level variables as predictors leads to a more notable decline in correlation of about 2 pp in

the case of Mexico, which translates to a 0.4 pp decline in the effectiveness of the simulated

transfer program. In the presence of measurement error, however, there are instances where

unit-context models with sub-area predictors yield more accurate estimates than unit-level

models. Unit-context models and area-level models are also found to be more robust to

a misalignment of survey and census years, for example when the census pre-dates the

household survey by several years.

Third, estimates obtained with models that only include area-level predictors tend

to be less accurate than estimates obtained with models featuring sub-area-level and/or

household-level predictors. This is not always the case, however, as area-level and unit-
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context models are at par when using Brazil’s 2010 data. While the differences in accuracy

are generally minor, there are instances where the gains of working with more granular data

are substantial. Fay-Herriot models (and unit-context models with area-level predictors)

fare more poorly in the presence of sample selection bias at the PSU level, with rank correla-

tions a bit more than 2 points below methods that use PSU level variables. This is because

the area-level models can not utilize auxiliary data that has already been aggregated to the

area level to correct for systematic differences between sampled and non-sampled PSUs.

A similar accuracy penalty for area-level models is observed when the sample size is small

due to fewer households being interviewed in each primary sampling unit.

In addition, the loss in accuracy when estimating area-level models in the presence of

sample selection and when using small samples rises greatly when variance smoothing is

not applied. This is because a larger number of areas in these cases that have zero variance

in the poverty estimates derived from the sample, due to all sample households in a target

area being poor or non-poor. This highlights the importance of variance smoothing for

area-level models when sample poverty rates are either zero or one hundred percent in

particular areas.

Finally, in the Mexican case, the treatment of survey weights is a key factor affecting

both overall performance and the comparative performance of different approaches to the

small area estimation of poverty. For example, the accuracy of estimates from unit-level

and unit-context models is greatly reduced in Mexico when weighting areas using sample

weights, without rescaling. The use of raw weights without rescaling reduces the effective

sample size of areas, magnifying the impact of sampling error within populous areas. Using

raw sample weights in this case is found to reduce estimates of accuracy more for unit-

context models and unit-level ELL models. Nonetheless, estimates of accuracy for unit-

level EBP models, are also negatively affected when not rescaling weights. On the other

hand, boosted regression trees, which adopt a more flexible machine learning approach to

43



estimation, are barely affected. This corroborates several studies that have emphasized the

importance of weight rescaling when estimating unit level models (i.e. Parker et al. (2023);

Carle (2009); Rabe-Hesketh and Skrondal (2006); Pfeffermann et al. (1998)).

In summary, neither the unit-level EBP model, the unit-level ELL model, the sub-area

EBP model, or the unit-context EBP model is found to dominate across all empirically rel-

evant settings considered. We therefore conclude that the comparative performance of the

different approaches to the small area estimation of poverty is context-specific. There are

two general observations that stand out, however. The first is the importance of rescaling

sample weights when estimating unit, unit-context, or sub-area models in cases like Mex-

ico, where the distribution of sample weights across target areas is highly skewed and the

sample within target areas is informative. Second, when sample weights are appropriately

rescaled and accounted for, there is no downside and potentially significant upside to using

more granular predictors.
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Figures

Figure 1: Distribution of absolute error by method, country, and round
Notes: Figure shows box plots of the absolute value of errors in poverty estimates across municipalities,
by country and round.
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Figure 2: Adjustment factor used to implement selection bias

Figure 3: Performance of different methods and models by sample size: Mexico

Notes: Figure shows average rank correlations and Mean Absolute Error by method across 300 simu-
lations in Mexico (3 rounds and 100 simulations per round)
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Figure 4: Performance of different methods and models by sample size: Brazil

Notes: Figure shows average rank correlations and Mean Absolute Error by method across 200 simu-
lations in Brazil (2 rounds and 100 simulations per round)

Figure 5: Performance of different methods and models with classical measurement error
in sample household variables: Mexico

Notes: Figure shows average rank correlations and Mean Absolute Error by method across 300 sim-
ulations in Mexico (3 rounds and 100 simulations per round). EBP and ELL unit-level models are
estimated both with and without simulated measurement error in household variables added to sample
variables. Continuous variables are assumed to have a reliability quotient of 90 percent, and dummy
variables are assumed to have a 2 percent chance of incorrect classification.
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Figure 6: Performance of different methods and models with classical measurement error
in sample household variables: Brazil

Notes: Figure shows average rank correlations and Mean Absolute Error by method across 200 sim-
ulations in Brazil (2 rounds and 100 simulations per round). EBP and ELL unit-level models are
estimated both with and without simulated measurement error in household variables added to sample
variables. Continuous variables are assumed to have a reliability quotient of 90 percent, and dummy
variables are assumed to have a 2 percent chance of incorrect classification.)
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Figure 8: Accuracy vs effective sample size across areas and samples, by country, round,
and weighting method

Notes: Figure shows rank correlation of estimates from EBP unit-level model with household level
variables, plotted against the effective sample size across areas. The effective sample size is defined as
the sum of sample weights squared, across target areas, divided by the sum of the squared weights.
Each point represents a different simulated sample. Points denoted by x represent estimates generated
using a model with rescaled weights. Points denoted by a circle represent estimates generated using a
model with raw unadjusted sample weights. Solid lines indicate the best linear fit.
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A Annex A: Description of methods

A.1 Models with household-level predictors

Within the set of specifications that utilize all available predictors including household
characteristics, we evaluate two methods: The Empirical Best Predictor (EBP) method
under the assumption of normally distributed errors, and the ELL method.

A.1.1 Unit-level Empirical Best Predictor (EBP)

We first consider the following log-linear mixed model:

ln yij = x′ijβ + ui + ϵij (6)

where i represents the municipality (i.e., target area), j represents the household, and lnyij
is the log per capita household income17; x′ij is a p+ 1 row vector containing the constant
and p predictor variables, which can contain household, PSU, and municipal level variables
in this specification; ui and εij are independent normal random variables with mean 0 and
variances σ2

u and σ2
ϵ , respectively. β, σ2

u, and σ2
ϵ are model parameters estimated using

Maximum Likelihood Estimation.
The Best Predictor (BP) of the expected log per capita income for each household under

model (1) is given by:

lnŷbpij = x′ijβ + bi, (7)

where bi = γi
(
ȳij − x̄′ijβ

)
, γi = σ2

u

σ2
u+δiσ

2
ϵ
, and δi =

Σ
ni
j=1w

2
ij

(Σni
h=1wij)

2 , and where wij represents

the sample weights for household j in municipality i. We normalize wij to sum to ni, the
number of sample households in each municipality i, following rescaling method 2 proposed
in Pfeffermann et al. (1998). Below in section 4, we report how results change when the
weights are not normalized in this way. We obtain the Empirical Best Predictor (EBP)
of lnŷEBPij from equation 7 by replacing the model parameters β,σ2

u, and σ2
ϵ with their

estimators β̂, σ̂2
u, and σ̂2

ϵ respectively.
The EBP is a shrinkage estimator, where γ̂i represents the extent of shrinkage towards

the direct estimate relative to the synthetic model estimate x′ijβ̂. At one extreme, when
the synthetic model fully explains across-municipality variation in yij, σ2

u and the shrinkage
parameter γi will equal 0, and the Best Predictor will equal the synthetic model estimate
x′ijβ̂. Conversely at the other extreme, if all sample households have the same per capita
income in an area, the direct estimates fully explain the variation in yij. In that case, σ2

ϵ

17Other transformations of per capita income besides the natural logarithm are available in the povmap
and EMDI R packages (Edochie et al. (2024a),Kreutzmann (2018)), and can improve on the log in terms of
achieving normality (Rojas-Perilla et al. (2020), Tzavidis et al. (2018). We only consider the log transfor-
mation in this evaluation, however, primarily because it remains popular and has always been used when
implementing the ELL method.
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will equal 0, γi will equal 1, and the Best Predictor will equal the direct estimate. As σ2
ϵ

increases, indicating less accurate direct estimates, γi declines, giving more weight to the
synthetic model predictions relative to the direct estimates. More weight is also given to
the synthetic model estimates as the effective sample size declines, either due to a reduction
in the sample size or an increase in the heterogeneity in the sample weights, all else equal.
This is reflected in an increase in δi and a corresponding decline in γi. In non-sampled
areas, there is no survey data to condition the random effect on. As a result, there is no
shrinkage and γi = bi = 0 for these areas.

The best predictor of the poverty rate for each area can be written as:

E
[
P bp
i

]
≈ 1∑Ni

j=1w
p
ij

Ni∑
j=1

wpijΦ

(
ln (Z)− x′ijβ − bi√
(1− γi)σ2

u + σ2
ϵ

)
, (8)

where P ebp
i is the empirical best predictor of the poverty rate in area i, Ni is the number

of census households in area i, Φ is defined as the standard normal cumulative distribution
function, Z represents the poverty line, and wpij represents the population weight used for
averaging across households, which in this case is equal to household size. It is important
to distinguish wpij, the population weights, from sample weights wij. The former represents
population weights used when aggregating from units to target areas to generate area-level
estimates, while the latter represent sample weights typically used to adjust for differences
in households’ sample selection probabilities.

To estimate municipal poverty rates, we take repeated Monte-Carlo draws of ui and ϵij
in order to simulate household welfare multiple times. Because it is an empirical best linear
unbiased prediction, we substitute β̂,b̂i,σ̂2

u and σ̂2
ϵ for β,bi,σ2

u, and σ2
ϵ , assuming that these

are fixed across simulations. Therefore, ui and ϵij are assumed to be normal with mean
zero and variance σ̂2

u and σ̂2
ϵ respectively. The employed Monte-Carlo approach with 100

simulations is similar to the Monte-Carlo simulation approach adopted by ELL. For each
simulation, all households are classified as poor or not poor depending on whether their
simulated welfare exceeds the poverty line. Poverty rates are then averaged across the 100
simulations and all households in each area, as follows:

P̂ ebp
i =

1∑Ni

j=1w
p
ij

Ni∑
j=1

wpij
100

100∑
l=1

I
(
x′ijβ̂ + b̂i + uli + εlij < ln (Z)

)
(9)

where uli is the lth draw from a normal distribution with mean 0 and variance (1− γ̂i) σ̂
2
u,

ϵlij is the lth draw from a normal distribution with mean 0 and variance σ̂2
ϵ , and wpij is

the population weight specified for household h, and γ̂i =
σ̂2
u

σ̂2
u+δiσ̂

2
ϵ
. As mentioned above,

γi = bi = 0 for target areas not included in the sample. This Monte-Carlo approach can
also be used to generate other statistics derived from the distribution of welfare, such as
the poverty gap and severity, inequality measures, and the percentiles of the area welfare
distribution.

While we do not evaluate uncertainty estimates, the procedure for estimating uncer-
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tainty is quite different for EBP than for ELL. In particular, because the estimated random
effect is conditioned on the sample data, it is standard when estimating EBP models to
utilize a parametric bootstrap approach to estimating uncertainty. This entails using the
estimated model to repeatedly generate one hundred simulated welfare values for the en-
tire population. The model is then re-estimated using the sample households, with their
new simulated welfare values. The resulting EBP predictions are then compared with the
"truth" derived from the simulated welfare values from the population to estimate the
Mean Squared Error (MSE) of the estimates for each target area. Finally, it is standard
when estimating uncertainty to use the square root of the MSE as an estimate of the stan-
dard error, under the assumption that the point estimates of poverty are unbiased. Further
details can be found in González-Manteiga et al. (2008) and Tzavidis et al. (2018).

A.1.2 The ELL method

The ELL method is an alternative unit-level model that is based on the following estimating
equation:

lnyij = x′ijβ + ui + εij, (10)

where ui and εij are independent random variables with mean 0 and variance σ2
u and σ2

ϵ,ij

respectively. Thus the error term is assumed to be heteroscedastic, and equation 10 is
therefore estimated using Generalized Least Squares. The variance of σ2

ϵ,i is estimated
using OLS, following Zhao (2006)

ln

(
e2ij

A− e2ij

)
= Z ′

ijα + rij (11)

where eij = lnyij − x′ijβ̂, Zij is a vector of explanatory variables, and A = 1.05 ∗max
(
e2ij
)
.

We select predictor variables Zij for the alpha model using the Least Absolute Shrinkage
and Selection Operator (LASSO), applied to the same candidate variables used for selecting
predictors for the EBP and ELL "beta" models used to predict log per capita income.18

No further distributional assumptions are made, i.e., the errors need not be normally dis-
tributed. Model parameters β̂, σ̂2

u, and σ̂2
ϵ are estimated following the method described in

Swamy and Arora (1972).
Poverty rates are estimated by drawing uli and εlij 100 times from their estimated distribu-
tions, and calculating area poverty estimates as follows:

P̂ELL
i =

1∑Ni

j=1w
p
ij

Ni∑
j=1

wpij
100

100∑
l=1

I
(
x′ijβ̂ + uli + εlij < ln (Z)

)
(12)

Our implementation of ELL differs from the original implementation in Elbers et al. (2003),
to make the ELL and EBP estimates more comparable. In particular, we assume that the

18One can also use predicted income from the "beta" model as a predictor in the "alpha model", but we
took the simpler approach of using the same candidate predictor variables.

73



estimated model parameters β̂,σ̂2
u, and σ̂2

ϵ are fixed across simulations. In addition, ui is
specified at the target area level i instead of the PSU level c. While we don’t consider
estimates of uncertainty in this analysis, specifying the random effect at the area level
rather than the PSU level prevents the underestimation of standard errors, as documented
by Tarozzi and Deaton (2009) and Das and Chambers (2017). 19

The ELL method differs in theory and implementation from the EBP method in three
key ways, as listed in Table 1.

1. ELL, unlike EBP, is based on what econometricians commonly refer to as a random
effect model (Baltagi (2009),Wooldridge (2010)) rather than a mixed effects model.
The random effects model is a restricted version of the mixed effects model used for
EBP, with bi = 0 ∀ i. Therefore the random effect in this model, unlike the mixed
effects model, is not conditioned on the sample data and is not a shrinkage estimator.
As a result, the ELL and EBP estimators are very similar for out-of-sample areas
(Tzavidis et al. (2018). Because ELL is purely synthetic, unlike EBP it is not design-
consistent for sampled areas, in the sense that ELL estimates do not converge to the
population "truth" as the sample becomes arbitrarily large.

2. The ELL implementation includes a heteroscedasticity correction, based on the "alpha
model" of the variance of the residuals described above, following Elbers et al. (2003)
and Zhao (2006).

3. When estimating ELL, we allow for non-normal error terms. This is done by drawing
from the empirical distribution of both the estimated area random effects and the
household error terms. In particular, for each target area we decompose the residual
into its weighted mean and the deviation from that weighted mean, as follows:
eij =

(
yij − x′ijβ̂

)
= ēi + ẽij, where:

ēi =
∑mi

j=1 wij(yij−x′ij β̂)∑mi
j=1 wij

, and

ẽij =
(
yij − x′ijβ̂

)
− ēi

For each simulation and area, a value of ui is drawn from the empirical distribution
of ēi with replacement. Similarly, for each simulation and household, a value of ϵij is
drawn from the empirical distribution of ẽij with replacement. Thus, the simulated
values of the random effect u and the idiosyncratic error term ϵij are drawn from
their empirical distributions, avoiding the assumption of normality.20

19Tarozzi and Deaton (2009) report underestimated standard errors when evaluating the traditional
ELL specification with the random effect specified at the PSU level, but attributes that to unmodeled
heterogeneity in the model. Das and Chambers (2017) correctly identify the cause as a failure to account
for the positive correlation in welfare between PSUs within municipalities when including random effects
at the PSU level.

20Statistical tests often reject tests for normality in practical settings, although the extent to which this
affects the accuracy of the estimates is context-specific.
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A.2 Models with sub-area level predictors

A.2.1 Unit-context EBP model with sub-area level predictors

The unit-context EBP model with PSU and area-level predictors is nearly identical to the
the EBP model with household variables described in section A.1.1, with one important
difference: All household variables are omitted from the set of predictors. Therefore the
model estimates:

ln Yij = x′ijβ + ui + ϵij (13)

where all parameters are defined as section A.1.1, except that x′ij now consists only of PSU
and municipal level predictor variables and the constant.

A.2.2 Sub-area EBP model

The sub-area model is mechanically similar to a unit-level model, except it is specified at
the sub-area level, with sub-area level predictions then aggregated to the area level. The
predictor variables may include both sub-area (e.g., PSU level) and area-level predictors.
Sub-area estimates of poverty in this case are aggregated to the target area level (i.e.,
municipal level). We refer to this as a “sub-area model” because the specification is similar
to the sub-area model presented in Torabi and Rao (2014), Merfeld et al. (2025), and Van
Der Weide et al. (2024).21 The unit of analysis is the PSU and the model is specified as
follows:

P̂ dir
ic = x′icβ + ui + ϵic, (14)

where P̂ dir
ic is the direct estimate of poverty for PSU c from the survey, and xic is a vector

of PSU and area aggregate predictors. The error term ϵic can further be decomposed into
model error and sampling error as follows:

ϵic = ψic + ωic (15)

where ψic ∼ N
(
0, σ2

ψ

)
represents model error and ωic ∼ N

(
0, σ2

p,ic

)
represents the sampling

error associated with the direct estimate of poverty derived from the sample, P̂ic. Since
σ2
ψ and σ2

p,ic cannot be separately identified, we ignore the heteroscedasticity in ϵic due to
sampling error.

Poverty estimates for each PSU are aggregated to municipalities by taking a weighted
average across PSUs, using the PSUs’ population sizes as weights.22 The statistical method
is otherwise identical to the household EBP model presented above, and the random effect
ui is conditioned on the sample data. Because this model predicts mean poverty directly
using a linear model, it is less reliant on accurate estimates of the variance components.
In addition, unlike models predicting log per capita income, there is no need to exclude

21The model proposed in Torabi and Rao (2014) allows for area-specific variance components, while the
model inVan Der Weide et al. (2024) allows for spatially correlated random effects

22No transformation is used in this specification.
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sample households with zero per capita income when estimating the model.

A.2.3 Boosted Regression Forests

An alternative method that only uses PSU and area-level models is the Boosted Regression
Forests (BRF), implemented in the GRF package for R (Tibshirani et al. (2018)) and
described in the online documentation to that package as well as in Athey et al. (2019).
BRF is a machine-learning prediction method that is very similar to Extreme Gradient
Boosting, commonly known as XGboost (Chen et al. (2022)).23 BRF estimates a series
of regression forests that successively predict the residuals from the previous round. Each
regression forest consists of a set of decision trees that the algorithm grows on randomly
selected subsets of the data, as described in Biau and Scornet (2016), and Wright and
Ziegler (2017). The assumed data generating process for each forest is described in in Biau
(2012).

We implement BRF to estimate a tree-based model to predict direct estimates of poverty
at the PSU level:

P̂ dir
ic = g (x′ic) + ϵic, (16)

where xic contains selected aggregate predictors variables at the PSU and municipal level,
selected using LASSO, taken from the census and merged with the survey. No assumptions
are made regarding ϵic. As with EBP, we use rescaled weights in the estimation, as discussed
in section ?? below. Furthermore, we do not estimate "honest trees", in order to maximize
predictive performance in small samples (Tibshirani et al., 2018). Finally, we tune all
parameters using cross-validation, using the tuning option provided in the GRF package.

After estimating the model, we apply it to the the census auxiliary data to obtain
predictions in each PSU: P̂BRF

ic = ĝ (x′ic) where ĝ denotes the estimated model, c denotes
the PSU, and x′ic is the vector of selected PSU and area-level predictors taken from the
census. As in the sub-area model, predictions are aggregated to the area-level by taking
the population weighted-average of PSU-level predictions for each municipality. Therefore,
P̂BRF
i =

Σ
Ci
c=1w

p
icP̂

BRF
ic

Σ
Ci
c=1w

p
ic

, where Ci is the number of PSUs in area i present in the census, and

wpic = Σ
Mc,i

h=1w
p
ij is the number of people residing in PSU c in area i according to the census.

A.3 Models with target area-level predictors

A.3.1 The Fay-Herriot method

The Fay-Herriot model is an area-level model that assumes the following data generating
process:

Pi = x′iβ + ui (17)
23BRF offers the "honesty" option to use one subsample of the data to grow trees and another to generate

predictions at the leaves of trees. We decline to use this option due to the small size of the training data
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where Pi is the poverty rate of area i, xi is a vector of predictor specified at the area
level, and ui ∼ N (0, σ2

u) is an error term.
Since Pi is unobserved, the model is estimated by assuming that

P̂ dir
i = Pi + ϵi (18)

where P̂i is the direct estimate of poverty for area i, and εi ∼ N
(
0, σ2

ϵ,i

)
represents sampling

error in P̂ dir
i . Combining equations 17 and 18 yields:

P̂ dir
i = x′iβ + ui + εi, (19)

Thus, the random effect in this model ui has a constant variance while the variance of εi
is area-specific. Under this model, the best linear unbiased predictor (BLUP) is equal to:

P̂ blup
i = x′ijβ + bi (20)

where bi = γi

(
P̂ dir
i − x′iβ

)
, and γi = σ2

u

σ2
u+σ

2
ϵ,i

. The assumption that σ2
ϵ,i = σ̂2

ϵ,i enables β and
σ2
u to be estimated using restricted information maximum likelihood (REML). We use the

"ampl" method for estimation developed by Li and Lahiri (2010), which ensures strictly
positive variance estimates, as implemented in the Stata fayherriot command (Halbmeier
et al. (2019))

To obtain Empirical Best Predictors, we obtain smoothed direct estimates of σ2
ϵ,i from

the survey and treat them as known. We first use the the Horvitz-Thompson direct variance
estimator to obtain raw estimates of the variance of the area-level direct poverty estimates,
denoted as σ̂2

P̂ ,i
:

σ̂2
P̂ ,i

≈ 1(∑ni

j=1wi,j

)2
[

ni∑
j=1

wij (wij − 1) I (yij < Z)

]
(21)

where I (yij < Z) indicates if sample household j in area i has per capital income yij
below the poverty line Z, ni reprsents the number of sample households in area i, and wij
indicates the sample weight, equal to the inverse probability of selection, for household j.

We then obtained smoothed estimates of the variance by regressing the log of the raw
variance estimates on the log number of sample households, following You (2022).

ln
(
σ̂2
P̂ ,i

)
= η0 + ln (ni) η1 + ϵi (22)

where ϵi ∼ N (0, ψ). We finally obtain the smoothed variance estimate σ̃2
P̂ ,i

as:

σ̃2
P̂ ,i

= exp

(
η̂0 + ln (ni) η̂1 +

ψ̂

2

)
(23)

The Empirical Best Linear Unbiased Estimator (EBLUP) of P̂i under the Fay-Herriot
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model can be expressed as: P̂ FH
i = γ̂iP̂

dir
i + (1− γ̂i)x

′
iβ̂, where γ̂i = σ̂2

u

σ̂2
u+σ̂

2
ϵ,i

. P̂ FH
i is

therefore a weighted average of the direct estimates and the predictions, with the weights
determined by the relative variance of the estimated sampling and model error. At one
extreme, the Fay-Herriot estimates will equal the synthetic prediction estimate x′iβ̂ when
there is zero shrinkage towards the direct estimate, which occurs when it is an out of sample
area, the sample variance for that area (σ̂2

ϵ,i) approaches infinity or when the predictors x′i
perfectly predict poverty rates across areas (σ̂2

u = 0). At the other extreme, when using
the raw variance estimates, the Fay-Herriot estimate would equal the direct estimate P̂ dir

i

in areas in where all sample households are either poor or non-poor and the estimated
sample variance (σ̂2

ϵ,i) equals zero. In that case, there would be full shrinkage to the
sample estimate. The variance smoothing procedure described above, however, avoids full
shrinkage by ensuring that the smoothed variance is strictly positive, even in cases where
all sample households in an area are poor or non-poor.

A.3.2 Unit-context EBP model with area-level predictors

The final option we consider is a unit-context model with area-level predictors. This differs
in only one way from the Empirical Best Predictor (EBP) model with household variables
described in section A.1.1: The predictor variables now only consist only of area-level
predictors. Therefore the model estimates: ln yij = x′ijβ + ui + ϵij,
where all parameters are defined as in the household model described in section A.1.1,
except that x′ij now only contains municipal level variables and a constant. Compared with
the Fay-Herriot model, this method is less flexible because it assumes that both the variance
of both error terms ui and ϵij is constant. In contrast, the Fay-herriot model allows the
variance of ϵij to vary by municipality. However, because the unit-context model assumes
an equal variance for all municipalities, it is estimated more precisely than in the Fay-
Herriot case.24 In addition, the model predicts household per capita income rather than
municipal poverty rates, which contains more information and therefore may, all else equal,
improve predictive performance. Therefore, the relative performance of the Fay-Herriot and
unit-context model when only area-level predictors are available is an empirical question.

B Annex B: Use of Survey Weights with EBP models
In general, small area estimation involves estimating a model using standard household
survey data. These are often collected using a two-stage sample with PSUs selected with
probability proportional to population size, known as PPS sampling. Because PSU pop-
ulation size is systematically correlated with household income and nearly every other
outcome of interest, failing to properly adjust for weights will lead to what statisticians
call informative sampling bias, and what economists refer to as endogenous sampling or
sample selection bias. As a result, it is standard practice to adjust for sample weights when

24A recently developed approach allows the parameters in the EBP model to vary across areas (Lahiri
and Salvati, 2023)
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estimating descriptive statistics or model parameters (Solon et al. (2015)). The household
sample weights are set equal to the product of the inverse probability of selection, which
eliminates this source of bias.

Of the seven approaches to estimation outlined in the previous section, four are Empir-
ical Best Predictor (EBP) models. Unlike most econometric models, properly adjusting for
sample weights when estimating EBP models is complex, and there is not yet a consensus in
the literature on the best method to use. This is an important issue because the treatment
of weights in EBP models can have large impacts on the accuracy of small area estimates.
Ideally, weighting for EBP models would would utilize the first stage selection probabilities,
or the probability that each sampled PSU was selected (Rabe-Hesketh and Skrondal, 2006).
Unfortunately, however, this information is not typically included in household survey data
files.

This section reviews four methods that incorporate sample weights when estimating
EBP models and the first order selection probabilities are unknown. As noted above, the
basic log-linear EBP model can be written as: log yij = xTijβ + bi + ui + ϵij using the
notation defined in section 2.

B.1 Conditional weights

The conditional weighting scheme is described in detail in Bates et al. (2015). Essentially
it assumes that (log yij|bi) ∼ N

(
XT
ijβ + bi, σ

2
ε W

−1
ij

)
, where Wij is an exogenous weight

reflecting the inverse selection probability of household j into the sample. Wij thus acts
as a "heteroscedasticity weight", because it is modeled directly into the variance, and is
incorporated into the estimation algorithm in order to weight observations according to
their specified inverse variance (see Bates et al. (2015) for details).

The main shortcoming of the conditional weighting method is that, during the estima-
tion process, the weights are conditioned on a particular value of the mean random effects
bi. This implies that weights are not fully taken into account when estimating bi itself. In
particular, this method does not fully incorporate weights when estimating the area-specific
shrinkage factors γa, which partly determine bi. The conditional weighting method uses
the following formula to calculate γa: γ̂a = σ̂2

v

σ̂2
v+

σ̂2
ε

na

, where na is the number of sample units

in area i, which for a household-level model is the number of sample households in area
i. This is the same formula for γ̂a as in Battese et al. (1988) and Molina and Rao (2010),
which did not adjust for sample weights when estimating the model. However, as noted by
You and Rao (2002), Van der Weide (2014) and Guadarrama et al. (2018), the presence of
heterogeneous sample weights reduces the effective sample size in each area, which should
be incorporated into the formula for γa as follows: γ̂a = σ̂2

v

σ̂2
v+δaσ̂

2
ε
, where δa =

∑ma
h=1 w

2
ij

(
∑ma

h=1 wij)
2 , the

inverse of the effective sample size, and wij represents the sample weight for household j in
area i. When wij = wa ∀ h, the weights are identical for all units in the area, and δa = 1

ma

as in the conditional weighting method. Because the conditional weighting method does
not account for δa when estimating γa, it gives too much weight to the direct survey esti-
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mates relative to the synthetic model predictions in the estimates, leading to sub-optimal
estimates in the typical case where sampling weights are heterogeneous within an area.

B.2 Partial adjustment weighting

You and Rao (2002) and Guadarrama et al. (2018) recognize this issue and proposed a
different method for adjusting for sample weights in EBP estimation. We refer to this
method as the "partial adjustment method" because it adjusts for weights when estimating
β and b but not the variance components σ2

v and σ2
ϵ (Huang and Hidiroglou, 2003). The

partial adjustment method consists of three steps:

1. Estimate an unweighted linear mixed model, which in matrix notation can be written
as:

log y = xβ + zb+ zu+ ϵ

where z is an n by m design matrix mapping observations to areas, n is the number
of sample observations and m is the number of areas in the sample.

and obtain β̂, b̂, σ̂2
v and σ2

ϵ .

2. Calculate β̂w, a version of β̂ that adjusts for sample weights, as follows:
β̂w = (x′Wx̃)−1 (x′Wỹ)

where x̃ = x′ − γ̂z′b̂, ỹ = y − γ̂z′b̂, and W is an n by n diagonal matrix of weights,
with n representing the total number of units in the sample. γ̂a and δa are defined
as in the previous section, with γ̂a = σ̂2

v

σ̂2
v+δaσ̂

2
ε
, and δa =

∑ma
h=1 w

2
ij

(
∑ma

h=1 wij)
2 . This estimates

β̂w by "partialling out" the estimated mean random effects b̂ (which are estimated
without weights) and applying the standard Generalized Least Squares (GLS) formula
to obtain β̂w, an estimate of the coefficients that adjusts for weights.

3. Calculate b̂w, a version of the random effect means that adjust for weights, by cal-

culating for each area i: b̂wa = γ̂aēwa where ēwa =
∑ma

h=1Wij(yij−Xij β̂
w)∑ma

h=1Wij
is the weighted

average of the level 0 residuals in area i (calculated using wieghted coefficient esti-
mates), and γ̂a is defined as above.

As noted above, this procedure adjusts for sampling weights when estimating the co-
efficients of the predictor variables β and the mean of the random effects b, but uses the
estimated variance components σ̂2

v and σ̂2
ϵ obtained from the unweighted mixed model es-

timated in step 1. This procedure was originally proposed by You and Rao (2002) for
estimating mean outcomes, which in expectation are unaffected by biased estimates of
variance components. Guadarrama et al. (2018) recognizes that the best predictors are
given by the random effect means and the variance components replaced by their weighted
versions. 25 However, the simulation exercises implemented in that article use the partial

25Guadarrama et al. (2018) p.8
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adjustment method, which does not replace the estimated variance components with their
weighted versions.26 This, as shown below, leads to bias when using this weighting method
that is particularly large when using unit-context models for poverty estimation in the
Mexican context.

B.3 Hybrid weighting

To address the shortcomings in both the conditional and partial adjustment methods,
we propose an extension to the partial adjustment method, which we refer to as "hybrid
weights". The extension replaces the estimates of the variance components with their
weighted version. This adds a fourth and fifth step to the "partial adjustment weights" de-
veloped in You and Rao (2002) and Guadarrama et al. (2018), which utilize the conditional
weighting method to estimate a weighted version of the variance components. Essentially,
this entails estimating a new weighted mixed model that restricts the coefficients on the
predictors to equal b̂w. The two additional steps are as follows:

4. Estimate the following weighted mixed model:

ewij = β0 + b
′
i + ηa + υij, where ewij = log Yij −Xijβ̂

w.
This equation is similar to what would be obtained by subtracting Xijβ from both
sides of the original model: log Yij = Xijβ + vi + ϵij. This effectively imposes the
restriction in the original model that β = β̂w, except for the intercept which is allowed
to vary.

5. Adjust the estimated variance components from step 4 to account for the fact that
they are obtained from a regression on residuals, using the following degrees of free-
dom correction:
σ̂2w
v = σ̂2

η ∗ m−1
m−p

where m is the number of target areas contained in the sample and p is the number
of predictor variables in the original model including the intercept (the number of
columns in x). m is used in this adjustment because σ̂2

η is identified using the varia-
tion across m sample areas. Similarly, we use
σ̂2w
ε = σ̂2

υ ∗ n−1
n−k ,

where n is the number of units contained in the sample, to generate an estimate of
the variance of the unit-level error term that accounts for weights. These degrees of
freedom adjustments are necessary because σ̂2

η and σ̂2
υ are estimated using a model

with one predictor (β0) while σ̂2w
v and σ̂2w

ε are parameters from models specified with
k predictors, namely:
yij = Xijβ̂

w + b̂wi + vwi + εwij. Therefore, the degrees of freedom adjustments convert
σ̂2
η and σ̂2

υ into accurate estimates of σ̂2w
v and σ̂2w

ε , respectively.

26Corral et al. (2021) and Corral et al. (2022) use a different method for model estimation adjusting for
weights based on Huang and Hidiroglou (2003), as described in Van der Weide (2014). We do not consider
this method in this version but will include it in a revised version of this paper.
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The estimates of σ̂2
η and σ̂2

υ obtained from the mixed effects model in step four incorpo-
rate sample weights using conditional weighting (Pinheiro et al. (2015), Bates et al. (2015).
We therefore consider this method to be a "hybrid" approach, because it extends the par-
tial adjustment weighting method using the conditional weighting method. This procedure
yields the same estimates of β and b that are obtained using the partial adjustment method,
and improves on the partial adjustment method by accounting for weights when estimating
the variance components σ2

v and σ2
ε . This reduces bias when sample weights are "informa-

tive" or correlated with the outcome. The reduction can be significant and the variance
of the area effect, σ2

v , is significant and when the effective sample size is small. Effective
sample sizes tend to be small, in turn, either when the actual sample size n is small, or
when estimating unit-context models in which predictors only vary across PSUs and/or
target areas.

B.4 Weighted Generalized Least Squares (GLS)

This method was originally derived by Huang and Hidiroglou (2003), based on You and
Rao (2002), and then adopted by Van der Weide (2014) and Nguyen et al. (2018) for the
original Povmap and Stata SAE packages developed by the World Bank. The estimation
process consists of four main steps, described using the notation in Van der Weide (2014):

1. Estimate a weighted OLS regression to obtain estimates of σ2
η,ols, σ2

ϵ,ols using "Hen-
derson’s method 3" decomposition (Henderson, 1953), where

X is the n by K matrix of predictors, n is the number of sample observations, and y
is an n by 1 vector containing the dependent variable.

2. Estimate β̂gls =
(
XTV −1

w X
)−1 (

XTV −1
w y

)
where

Vw is an n by n matrix equal to IN σ̂2
ϵ,olsW

−1 + ΩQ̂

In is the n by n identity matrix

W is the n by n diagonal matrix where each diagonal element contains the value of
the sample weight wij for the corresponding household.

Ω is an ni by ni diagonal matrix where each element contains
∑ni

1 wij∑ni
1 w2

ij

Q̂ is a block-diagonal n by n matrix in which each block representing area i is set
equal to σ̂2

u,ols1ni
1Tni

1ni
is a column vector of ones of dimension ni, the number of sample households in

area i

3. Estimate GLS variance components σ̂2
u,gls and σ̂2

ϵ,gls using the formula provided in the
annex of Van der Weide (2014) and Huang and Hidiroglou (2003).

4. Estimate the mean random effects for each area i as bi =
(∑ni

1 wij∑ni
1 w2

ij

)
σ̂2
u,gls1

T
na
V −1
i,w ei
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where Vi,w is the ni by ni block diagonal of the Vw matrix corresponding to area i

and ei is the ni by 1 vector of GLS residuals, where each element ei,j = yij−XT β̂gls,∀j

Like the hybrid and conditional weighting methods, the GLS method adjusts for weights
when estimating all model parameters. Unlike conditional weighting, it appropriately ac-
counts for heterogeneity in the weights when estimating variance components.
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