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Executive summary

The Survey of Well-being via Instant and Frequent Tracking (SWIFT) program was created in
2014 to produce poverty statistics in a cost-effective, timely, and user-friendly manner. SWIFT
uses a past household budget survey containing both household expenditure and poverty
correlates to train a model, collects data on identified poverty correlates in a new survey, and
imputes household expenditures for that survey from the poverty correlates. Because collecting
household expenditure data to produce poverty statistics is normally time-consuming and
complex, the SWIFT approach saves time and resources. The program prepared a guideline
on how to collect data and train models (see Yoshida et al., 2015) to help users carry out this
approach properly.

The SWIFT methodology has been used to estimate poverty in multiple countries and the effects
of projects and lending operations on poverty. Recently, it has been used in conjunction with
frequent data collection programs like the COVID-19 High-Frequency Phone Surveys and the
Malawi Rapid and Frequent Monitoring System to monitor poverty in real-time and at frequent
intervals. This approach was used in more than 100 cases in 75 countries.

However, as SWIFT has been implemented over the past nine years, potential issues in the
methodology have been identified. For example, the SWIFT approach assumes “model stability”
(that models do not change over time), but if the training data were collected too long time ago or
a big shock occurs between the survey of the training data and the survey used for imputation,
the risk of violating the model stability assumption increases. Additionally, the SWIFT program
has been assuming that the distribution of (logged) household expenditure follows a normal
distribution, but this is sometimes not true. Some solutions for these challenges have been
proposed since the 2015 SWIFT guideline was published. Still, there are several other issues
that have been raised since the SWIFT program was created.

Although the SWIFT program uses a linear regression model forimputing household expenditures,
recent Machine Learning literature suggests that there are many other ways to impute household
expenditures and estimate poverty rates. If the linear regression model is clearly suboptimal,
a different ML technique should be adopted to impute household expenditures and estimate
poverty rates, such as random forest or LASSO.

Although there are multiple potential issues when using the SWIFT methodology to implement
poverty projections, this report focuses on the following three topics — (i) how frequently the model
stability assumption holds, and if not, how to minimize the risk of violating the model stability
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assumption; (ii) how to carry out SWIFT poverty projections
if the distribution of household expenditure is not normal; and
(iii) whether ML techniques can be used for SWIFT poverty
projections and if so, whether the ML techniques clearly
outperform the linear regression models. This report focuses
on the estimation of poverty when conducting the above
analysis. Other types of analysis, like estimating inequality
and profiling the poor, are outside the scope of this report.’

The key findings are as follows. First, the model stability
assumption holds in normal circumstances, but if there is a
big shock between the surveys for the training data and the
data used for imputing household expenditure, the model
stability assumption may be violated. To remedy this problem,
this report introduces a new approach called SWIFT Plus. The
model stability assumption can be violated because many
poverty correlates in a model do not change immediately after
a big shock, such as dwelling conditions or household asset
ownership. SWIFT Plus mitigates this issue by including many
variables that respond to shocks quickly, such as dummies
for consumption of certain food and non-food items. The
empirical assessment shows that models using the SWIFT
Plus approach can project poverty rates accurately even after
a large economic or climate shock.

Second, this report proposes a fundamental solution for
the model stability assumption — SWIFT 2.0, or the double
sampling approach.? Using this approach, household
expenditure data is collected for a small subsample of the
overall survey sample when collecting poverty correlates.
The model is then trained with the subsample. Since training
data are collected simultaneously with the data for imputation,
there is no model stability issue. The larger the subsample,
the more reliable the model will be. However, the cost of
collecting data fot the subsample is high since it involves
collecting household expenditure. Therefore, a key decision in
SWIFT 2.0 is how to limit the size of the subsample while still
producing reliable models. At the time of this report, SWIFT
2.0 has been implemented in Zimbabwe and is currently
ongoing in South Sudan. The accumulation of experience on
the ground will be critical to learn more lessons to implement
SWIFT 2.0 smoothly in the future.

Third, this report explores different methodologies to deal with
situations when the distribution of household expenditure is
not normal or error terms appear heteroscedastic. This report
explores STATA's code, Would read as Multiple Imputation
Predictive Mean Matching (Ml PMM), as well as Elbers, Lanjouw
and Lanjouw (ELL) (2003)'s small area estimation method.
ELL's approach can handle cluster level correlations and
heteroscedasticity of household level errors well, which is useful
when estimating poverty rates for small areas.® If the distribution
of household expenditure data does not appear normal, it is
useful to experiment with ELL’s approach or Ml PMM.

Fourth, this report found that the direct use of Machine
Learning (ML) techniques does not include model prediction
errors, which causes a bias in poverty estimates and their
standard errors. This report proposes a modification of ML
techniques by adding model prediction errors. The modified
ML techniques can improve the accuracy of poverty estimation
compared with a simple linear regression model; however, the
magnitude of improvements is limited.

This report provides useful lessons learned over time and
proposes solutions for some challenges experienced in the
SWIFT program. However, further research and empirical
assessment on the methodologies used in the SWIFT program
are needed. For example, this report provides empirical
evidence, but the sample of data used for the performance
evaluation is limited. Since sample data is limited, the findings
of this report are not enough to provide a verdict on whether
the standard SWIFT approach or other refinements discussed
in this report work under all circumstances. Further empirical
and theoretical assessments are therefore necessary.

Lastly, it should be noted that this report focuses on
assessments of poverty rate projections and not on whether
the methodologies discussed in this report can accurately
estimate inequality or profile the poor. We acknowledge that
there is ample interest in how SWIFT performs with regards to
inequality estimates and profiling of the poor, and Yoshida et
al. (2022) provides some empirical evidence that the SWIFT
methodology can estimate inequality and profile the poor
accurately. But, like the performance evaluation of poverty
projections, expanding the database for the performance
evaluation is needed.

1 Yoshida et al. (2022) include some empirical evaluations of the estimation of inequality and profiling of the poor using the SWIFT approach. The poverty profiling includes
the household characteristics of poor households, like educational attainments, health conditions, employment conditions, etc., and a comparison of them with those of

the non-poor.
2 Fujii and van der Weide (2020) call this approach “double sampling.”

3 Annex D4 discusses the implementation of ELL approach.
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Introduction

The World Bank Group’s twin goals of ending extreme poverty and promoting shared prosperity
are meant to be pursued in an environmentally, socially, and fiscally sustainable manner. Extreme
poverty is measured by the percentage of the world’s population whose household expenditures
per capita are below $2.15 per day, and shared prosperity is measured by the growth rate of the
poorest 40 percent of the population in each country. Both measures require reliable household
expenditure or income data and accurate poverty statistics.

However, collecting consumption data and estimating poverty statistics are no simple undertaking
— itrequires multiple years, high-precision work, and skilled personnel. It takes two to three years
and multi-million USD to prepare the questionnaire, collect data, and estimate poverty statistics.
Furthermore, comprehensive training for enumerators is critical because the questionnaire for
consumption data is lengthy and complex. Estimating poverty statistics also requires special
training for analysts, in addition to having a college degree. The World Bank provides a week-
long training on poverty estimation for its staff, even though most have a master’s degree or
higher in economics and statistics. Recent developments in computer-assisted questionnaires
have helped to improve the quality of data. However, data collection still requires special training
on how to handle electronic devices and properly use computer-assisted questionnaires. The
high implementation costs and skill requirements often make it impossible for poor countries
to frequently monitor poverty or for project or lending teams to monitor the contribution of their
projects towards the twin goals.

The Survey of Well-being via Instant and Frequent Tracking (SWIFT) program was created in
2014 to produce poverty statistics cost-effectively, timely, and in a user-friendly manner. Under
the SWIFT program, poverty rates are estimated by (i) training a poverty rate projection model
on a previous household budget survey, (ii) collecting data in the field on identified poverty
correlates, and (iii) applying the model to collected data to produce poverty projections. The
SWIFT program has expanded since 2014 and now includes a wide variety of activities, namely,
aiding in estimating official poverty statistics and monitoring poverty outcomes of lending
operations and investment projects in over 50 countries.

THE CONCEPT AND EMPIRICAL EVIDENCE OF SWIFT METHODOLOGY



One key advantage of the SWIFT methodology is the
significantly shorter interview time compared to the surveys
used in traditional poverty data collection. Only 10 to 15 simple
questions are needed to estimate poverty statistics using the
SWIFT methodology, so each interview takes less than five
minutes per household. This cuts interview time significantly
compared to traditional poverty data collection, where over an
hour is spent with each sampled household to collect detailed
consumption information on over 50 items.

In 2015, the SWIFT program prepared a guideline for using the
SWIFT methodology (Yoshida et al., 2015) to ensure the quality
and precision of poverty estimation under the program. The
guideline includes a set of recommendations on data collection
and poverty projection. The SWIFT program has continued to
evaluate the performance of the methodologies and approaches
recommended by the 2015 guideline to improve the accuracy of
poverty estimates. In all projects where SWIFT methods have
been used, the program has collected ample feedback from
users and team members, experimenting with methodological
modifications when needed.

This report documents the performance evaluation and
possible modifications of the SWIFT poverty projection
methods since 2015. It critically evaluates the SWIFT poverty
projection method proposed by the 2015 guideline, identifies
limitations, and introduces several remedies — SWIFT Plus
and SWIFT 2.0 — with their evaluations.

The SWIFT Plus methodology was created after the standard
SWIFT model failed to estimate a spike in poverty incidence
in Afghanistan in 2015. The standard model was trained using
the 2011 data, the latest household survey before 2015, but the
model could not detect the big negative shock that occurred
in 2015. The SWIFT Plus methodology adds variables to the
model that change quickly in response to rapidly changing
socio-economic conditions to overcome this shortcoming of
the standard SWIFT model. Using SWIFT Plus, the model
accurately estimated the spike of poverty incidence in 2015.
This report provides ample evidence that SWIFT Plus can
predict poverty well during economic downturns.

Some evidence in this report shows that SWIFT Plus
successfully reduces bias in poverty estimates, but as long as
a model is trained by data collected before a shock or crisis,
there remains a concern that the model may not be able to

fully adjust to recent changes. The only way to completely
overcome this risk is to update the data used to train the
model. SWIFT 2.0 was created for this purpose. The SWIFT
2.0 method simultaneously collects a small subsample of
training data alongside a larger sample of data on inputs for
poverty projections. Since the training data is also updated,
models trained with it reflect all recent changes and thus more
accurately predict poverty incidence. The report includes the
results of the SWIFT 2.0 pilot in Zimbabwe in 2019.

There are some caveats on the scope of this report. First, this
report focuses only on the evolution of the methods of poverty
projection adopted by the SWIFT program. The methodology
for data collection has also been improved since the 2015
guideline, but since the changes are less drastic than that for
poverty projections, they are excluded from this report.

Second, this report is not intended to be a research paper. The
SWIFT poverty projection methods are not novel, but rather
drawn from existing methodologies and recommendations by
academic researchers. For example, as discussed later, the
SWIFT methodology includes cross-validation to minimize
the risk of over-fitting when developing a projection model.
Cross-validation has been used widely in machine learning
(see, for example, James et al., 2013). Additionally, imputation
techniques follow Rubin (1987) or Elbers, Lanjouw, and
Lanjouw (2003).

Third, this report focuses on poverty projections and does
not include performance evaluation to estimate inequality or
poverty profiles. Poverty data produced under the SWIFT
program can be used to estimate poverty incidence and
inequality and produce poverty profiles; however, due to the
limited space of this report, this report focuses solely on the
performance evaluation of poverty rate projections. Yoshida et
al. (2022) provide some empirical evidence on how accurately
the SWIFT approach can estimate inequality and profile the
poor. But, expanding the sample data for the performance
evaluation is needed.

This paper is organized as follows: Section 2 reviews the
literature, Section 3 describes the SWIFT methodology,
Section 4 discusses challenges for SWIFT and the solutions,
Section 5 explores future research topics, and Section 6
concludes.

THE CONCEPT AND EMPIRICAL EVIDENCE OF SWIFT METHODOLOGY << 9



10 >

Literature Review

Collecting consumption or income data and then producing poverty indicators is time-consuming,
labor-intensive, and expensive — often costing millions of dollars and taking over two years.
To reduce the time and cost of collecting and processing data, sometimes survey-to-survey
imputation methodology (S2S) is used. S2S develops a model in one existing household survey
dataset and uses that model to impute household expenditure or income in another existing
survey dataset. In this way, poverty and other distributional indicators can be estimated for a
survey or census that does not necessarily collect household expenditure or income data.

The SWIFT methodology applies S2S with one important difference. Instead of imputing into an
existing survey or census, SWIFT carries out its own survey to capture data on the variables
included in the model. By actively collecting data, the opportunities to use S2S methods expand
significantly. SWIFT enables a country to estimate poverty rates frequently and cost-effectively
and allows specific project teams to measure poverty incidence or shared prosperity for their
project beneficiaries.

This section reviews the S28S literature. It is not intended to be exhaustive but instead aims to list
how S2S has been used and how it has performed in various circumstances. S2S can reduce
the time and cost of producing poverty statistics and other indicators, like the shared prosperity
index, but some skepticism remains on whether S2S can produce reliable statistics. Therefore,
many studies evaluate the performance of S2S. This literature review on S2S will be useful for
understanding the design, evolution, and performance of the SWIFT methodology since SWIFT
is an application of S2S with adjustments and modifications to overcome the challenges of S2S
identified in earlier studies.

Deaton and Dreze (2002) and Kijima and Lanjouw (2003) were some of the first to use S2S as
a key part of their poverty estimations. Both used S2S to produce poverty trends for India when
the government slightly changed the recall periods in the food consumption modules of its 1999-
2000 National Sample Survey Organization (NSSO) survey, making the 1999-2000 data not
comparable to previous survey rounds. It was widely argued that the change in recall periods
likely let respondents overreport their consumption expenditures compared to the previous
rounds. As a result, proper poverty trends could not be produced from previous survey rounds
to the 1999-2000 survey using actual consumption data. Deaton and Dreze (2002) created a
model to impute total household expenditures comparable to past survey rounds by regressing
total household expenditures on data from the portion of the consumption module in which recall

THE CONCEPT AND EMPIRICAL EVIDENCE OF SWIFT METHODOLOGY



periods remained unchanged. Kijima and Lanjouw (2003)
created a model by regressing total household expenditures
on non-consumption data, which did not change in the 1999-
2000 round. Whether Deaton and Dreze (2002) or Kijima
and Lanjouw (2003)’s approach produced a poverty rate for
1999-2000 comparable to past poverty rates remains open
to debate. Still, subsequent analysis using consumption data
from thin rounds of household surveys, collected in the same
manner over time and still nationally representative, suggests
that the poverty rate put forth by Kijima and Lanjouw (2003)
seems more plausible*

Stifel and Christiaensen (2007) made one of the first attempts
at utilizing S2S between different types of household surveys.
They created consumption models based on the 1997 Kenya
Welfare Monitoring Survey (WMS), which contained both
consumption and non-consumption data. They applied the
models to three consecutive rounds of the Demographic Health
Survey (DHS) between 1993 and 2003, which contained
only non-consumption data.® Stifel and Christiaensen (2007)
provided theoretical guidance regarding choosing variables
to be included in imputation models to maintain comparability
and reliability of imputed poverty data. They recommended
the inclusion of variables that change quickly over time and
the exclusion of variables whose rates of return are likely to
change markedly in the face of evolving economic conditions.
If household expenditures or incomes increase, but the
values of the variables in the model do not change, poverty
rates predicted by the model will not show any changes. The
latter issue is often referred to as “model instability.” When
the coefficients of model variables change over time, a model
created from a previous survey cannot predict poverty rates
in later periods using S2S. While logical in theory, it is difficult
to identify which variables have coefficients changing over
time. For example, Stifel and Christiaensen (2007) included
ownership of several consumer durables in their imputation
models. Still, Harttgen, Klasen, and Vollmer (2012) criticized
this decision because of the so-called “asset drift” effect,
where the pace of improvement in asset ownership is much
faster than income growth. Unfortunately, this was unable
to be tested in the Kenya data because only one round of
consumption data was available.

Christiaensen et al. (2012) went one step further by
experimenting with past household budget surveys available
in the Russian Federation, Vietnam, Kenya, and rural China.
Their empirical strategy was first to create models using one
round of the household budget survey, impute household
expenditure data into other rounds of the household budget
survey, and then compare the poverty rates projected from
the imputed expenditures with those estimated directly from
the actual consumption data. The comparison between
projected poverty rates and directly estimated poverty rates
supports the notion that imputation models constructed from
past survey rounds can predict household consumption
data for future rounds. Mathiassen (2013) also tested S2S
performance over time in Uganda and obtained encouraging
findings supporting the stability of the imputation model.
Such results are encouraging and provide a certain level
of confidence regarding the stability of imputation model
coefficients over time.

Douidich et al. (2013) were the first to test the reliability of S2S
using different household surveys. They created consumption
models with one round of Household Expenditure Survey
(HES) in Morocco, imputed consumption data into more
frequent Labor Force Surveys (LFS), and estimated poverty
rates. To examine the accuracy of the projected poverty
statistics, they compared the projected poverty rates with the
poverty rates directly estimated from consumption data in
the HES conducted in the same year as the LFS. The results
are again encouraging. Projected poverty rates are close to
directly estimated poverty rates, irrespective of which HES
round is used to create the consumption models.

However, the question remains on whether different household
surveys can be used to estimate poverty rates in countries other
than Morocco reliably and for other periods, and the results are
not necessarily encouraging. For example, Newhouse et al.
(2014) found that there were reporting differences for the same
questions between the one round of Sri Lanka’s Household
Income and Expenditure Survey (HIES), which was used to
develop the model, and the LFS for the same year, which
was used to impute household expenditures, despite both
surveys being nationally representative. As a result, poverty

4 The national statistics office of India conducts a NSSO survey with a shorter module of consumption in the years when the full NSSO survey is not collected. Such a

survey is sometimes called a “thin round” because the consumption module is shorter.

5  Afew years later, Mathiassen (2009) used S2S between a household budget survey and a labor force survey in Mozambique to estimate poverty.
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rates projected in LFS using S2S are significantly different
from those estimated from household expenditure data in
the same year’s HIES. Dang et al. (2017) also found some
reporting differences between Jordan’s Household Budget
Survey and LFS but proposed an approach to fix the reporting
differences between different surveys and obtain reliable
poverty estimates using S2S.

Yoshida et al. (2015) proposed the SWIFT methodology to
broaden the instances in which S2S methods can be used to
produce poverty rate estimates. Past S2S applications impute
household expenditure or income into an existing survey
or census — SWIFT, on the other hand, actively collects a
new household survey for a specific population group so
that poverty rates can be estimated for the group of interest.
SWIFT enables a country to monitor poverty in a cost-effective
and timely manner and enables project teams or policy
makers to monitor the contributions of their projects or policy
interventions to poverty reduction and shared prosperity. As
of January 2020, more than 100 SWIFT surveys have been
carried out in 53 countries (see more details in the SWIFT
annual progress report 2020).

SWIFT introduces some adjustments and modifications to the
existing S2S methodology while improving data collection.
The adjustments and modifications are not intended to be
exhaustive. Still, they are instead introduced to address some
of the problems and limitations of S2S techniques, especially

12 >>> THE CONCEPT AND EMPIRICAL EVIDENCE OF SWIFT METHODOLOGY

those identified in SWIFT surveys and imputations. For
example, as mentioned above, reporting bias is a challenge
for poverty projections using S2S. Some papers show that
households’ reporting can change if wording or questionnaire
design changes (see, for example, Beegle et al. 2010).
Therefore, whenever a SWIFT survey questionnaire is
prepared, the wording and design of the questionnaire follow
that of the questionnaire of the survey used for developing
the model as closely as possible. Also, to avoid model
inconsistency, the SWIFT methodology has incorporated
some tests to improve the selection of variables over time. This
paper does not discuss the data collection approach since it
has not changed much since the SWIFT guidance note was
prepared in 2015 (Yoshida et al., 2015). This paper instead
discusses methodological issues of poverty projection, how
SWIFT addresses them, and the reliability of the remedies.

This paper also includes some key results of recent research
on using Machine Learning (ML) in SWIFT. With the
unprecedented progress of data science and the increasing
availability of ICT tools for data collection, ML has attracted
keen attention in development (see, for example, Athey 2018,
Athey and Imbens 2019, and James et al. 2013). ML can also
be used for improving S2S techniques since the conceptual
framework of ML is similar to S2S, i.e., developing a model
using one dataset and applying it to other datasets to impute
certain indicators. This paper shows how ML can be used to
improve S2S poverty projections.
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Steps of the SWIFT Standard
Methodology

Basics and Assumptions

SWIFT collects only 10 to 15 questions on poverty correlates, imputes household income or
expenditure from them using a model, and estimates poverty and inequality statistics from
the imputed income or expenditure data. The poverty correlates usually include variables
like household size, gender ratio, educational attainment, employment status, ownership of
consumer durables, housing conditions, location, etc. Before conducting the modeling exercise,
the datasets are carefully reviewed with country poverty economists to identify any obvious
outliers. How models are trained is critical to estimating poverty and inequality accurately.

A model is trained with household survey data which includes both household income or
expenditure and poverty correlates. This dataset is called a “training dataset” in this paper. A key
assumption is that the relationship between household income or expenditure and the poverty
correlates is linear and stable over time; however, a residual is also included in the model since
no projection is perfect.® Equation (1) shows how household expenditure or income is imputed
in a SWIFT survey:

Iny =x B +u (1)

u,~NQ, c,)
ﬁsNN('Bro’ 6/3:0)

Iny, refers to the natural logarithm of household income or expenditure of household / in
a SWIFT survey (denoted as s) and is imputed from equation (1). x, is a (k x 1) vector of
poverty correlates of household /. ﬁs is a (k x 1) vector of coefficients of poverty correlates
drawn randomly from a muIAtivariate normal distribution of N(ﬁto, éﬁto), where is the number
of variables. Both means (ﬂzo) and the variance-covariance matrix (6 /z:o) are estimated in the
training dataset (denoted as 0). u, is the residual, drawn from a normal distribution (N(O, 010))
estimated in the training data. In practice, SWIFT allows for non-normal distributions, which will
be discussed later.

6  SWIFT can include higher orders of variables, like household size squared, in a model as long as these variables are
included in the pool of candidate variables before the modeling starts. But, unlike some Machine Learning algorithms,
SWIFT’s modeling cannot automatically create higher orders of variables or interactions between multiple variables if they
are not included in the variable set before the modeling starts.
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SWIFT modeling includes multiple steps to refine the
estimation of the coefficients (f,) and the distributions of
both the coefficients and the residuals to improve the model’s

Cross-validation (CV)

ability to project household income or expenditure. To do this,
the SWIFT methodology integrates Cross-Validation (CV) and
Multiple Imputation (MI) into the poverty estimation process.”

Since there is no need to collect and process complex
consumption or income data, SWIFT is useful for monitoring
not only the poverty incidence of a country but also the
contributions of even small projects towards poverty reduction,
income growth, and shared prosperity. Indeed, most SWIFT
surveys have been used for monitoring the latter. However,
since consumption patterns can differ by population and
area, SWIFT aims to produce models specific to areas and
populations where projects are being implemented.

However, training datasets may have a very limited sample for
specific areas or populations, which can cause various kinds
of small sample biases, like “over-fitting.” Over-fitting means
that while a model might perform well within the sample used
to train it, performance may be poor outside that dataset.
Since the SWIFT survey is out-of-sample, the over-fitting issue
is highly problematic for poverty projections using SWIFT or
other S2S imputation.

The over-fitting problem often occurs because a modelincludes
too many variables compared to the sample size. To avoid the
over-fitting problem, Elbers, Lanjouw, and Lanjouw (2002)’s
guideline for small area estimations recommends that the
number of variables in a model should be less than the square
root of the sample size used to train the model. Although this
rule has often been effective, there is no scientific or empirical
foundation to support this rule.

On the other hand, cross-validation (CV) is a common
empirical test in machine learning literature (see James
et al., 2013). CV separates the dataset used for training a
model, called the “training dataset,” from the datasets used

for evaluating model fitness, called the “testing datasets.”
Since the evaluations of the model are done using datasets
different from the training dataset, evaluation results are not
affected by over-fitting.. Many machine learning techniques
use CV to determine the complexity of a model.

To avoid the over-fitting problem, SWIFT carries out cross-
validation, specifically a 10-fold CV (see Yoshida et al.
2015). First, the modeling dataset is split randomly into ten
subsamples, each of which is referred to as a “fold.” Second,
a model is estimated from nine folds by running a stepwise
Ordinary Least Square (OLS) regression with STATA's
stepwise selection package at a certain significance level.
The STATA's stepwise selection selects variables whose
coefficients are statistically significant at a certain significance
level. Third, the performance of the model is evaluated in the
remaining fold. Since the remaining fold was not included
when the model was trained, all performance indicators in the
remaining fold are not subject to the over-fitting problem. This
exercise is repeated for different levels of significance level to
find the optimal level where the performance of the model is
maximized.°

(i) Estimation of performance indicators
using Multiple Imputation (Ml)

The CV uses two performance indicators — (i) Mean Squared

Errors of a model and (ii) an absolute difference between the

poverty rates estimated with actual household expenditures

and those imputed by a model. The imputation of household

expenditures are conducted using the Multiple Imputaiton (MI)
method developed by Rubin (1987) and Schafer (1999)."

7  The approach adopted by the SWIFT team is rather conservative, in that approaches discussed at the research modeling frontier are not adopted due to the team’s
beliefs that evidence for these approaches is not yet strong enough. However, the team has been exploring such new techniques and may update the SWIFT modeling

process once enough supportive evidence for these methodologies is provided.

8 It should be noted that CV does not address any potential problems caused by changes over time in the relationships between poverty correlates and consumption and
expenditure, and only solves issues caused by over-fitting. Additional adaptations to the SWIFT methodology to address model stability will be covered later in the report.

9  SWIFT uses a nationally representative household survey for model training and simple random selectin of folds can usually reflect the distribution of the population of
interest. However, if the household survey is outdated or the population of interest is not properly captured by the sampling frame, it is useful to select folds based on the
distribution of the population of interest available in newer data sources or other data collections.

10 Cross-validation exercises can also help identify any outliers that may have an outsized influence on the model. Still, investing in some mechanical tests to efficiently

identify outliers will improve SWIFT modeling exercises’ quality control.

11 The SWIFT methodology uses STATA's Ml command (e.g., STATA Corp 2021).
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The poverty estimation by Ml is carried out in the following
way: Suppose ﬁ:o is a vector of estimated coefficients and
6t02 is an OLS estimator of the variance of the residuals.’ Ml
draws a random value x from a chi distribution with a degree
of freedom (N - k), where N refers to the total sample size and
k refers to the number of variables selected by the stepwise
regression procedure and calculates o, = GA,][O(N—k)/)(. MI
then drawsﬁs from a normal distribution (ﬁto, 510 (X, 'X, )1
where X is a (N x k) matrix (x,,...,x,,...,x,)" of poverty
proxies in the modeling dataset. Finally, Ml draws a natural

FIGURE 1 - Illlustration of 3-Fold Cross-Validation

STEP 1

logarithm of household expenditure or income for household
hin a SWIFT survey dataset, l-n\jim, from a normal distribution
(xhs’ﬁs, 6,). This simulation process is repeated for all
households, typically twenty times."”® A poverty headcount
rate is calculated by comparing the simulated household
expenditure or income with a set poverty line for each of the
twenty simulation rounds. The average poverty rate of the
simulations is used as a poverty estimate. MSE is calculated
in the testing data by taking the average of the sum of squared
differences between y, ' and )7/”0 =X ¥ ﬁ

10"

Randomly split data into three folds (C refers to consumption; X refers to non-consumption data)

Household Survey Data

STEP 2

..

Randomly Split by Three

Select two folds as training data, develop a model there, and test model performance in the last fold used as testing data

Household Survey Data

STEP 3

Modeling

mEOE —

Training Data Testing Data

C=f(X,) —» C=f(X,)

Repeat the above procedure three times by changing the folds used for training and testing data

(GPRM  Training Data

G FY  Testing Data

12 This regression is run with sampling weights. However, following Deaton (2015)’s recommendations, we also run unweighted regressions to see the robustness of the

weighted regression results.

13 This process can be done using STATA's command “mi impute regress,” or STATA Corp (2021). Rubin (1987) and Schafer (1999) recommend at least five simulations
and STATA recommends around twenty rounds of imputations before conducting any estimation. We usually follow STATA's recommendation but occasionally increase

the number of simulations when necessary.
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Given a significance level as the threshold of the stepwise
selection, this analysis is repeated ten times, each time using
a different fold as the testing data to test the performance of
the OLS model in terms of MSEs and the absolute value of
the difference between the projected and actual poverty rates.
SWIFT methodology creates ten folds; however, any number
of folds can be chosen. Figure 1 shows an illustration of a
three-fold cross-validation exercise.

(ii) The selection of an optimal
significance level

Using these two performance indicators, this cross-validation
exercise determines the optimal threshold for the significance
level for the stepwise regressions. The cross-validation
exercise is repeated for many different significance levels,
usually between 0.5 percent and 10 percent. The optimal
significance level is where the first statistic, the absolute value
of the difference between the actual and the projected poverty
rates, is minimized. The MSE is also examined to check
whether over-fitting is occurring. If the MSE is minimized at
a significance level smaller than the significance level where
the absolute difference between the actual and the projected
poverty rates is minimized, then the former value (the lowest
significance level) is chosen as the optimal number.

Figure 2 shows the results of the cross-validation analysis
using the Ghana Living Standard Survey (GLSS) 2012/13 data.
The average MSE continues to decline as the significance
level threshold for the stepwise regression increases. If MSEs
are calculated in the same sample where the model was
developed, MSEs tend to decline as the significance level
increases because the number of variables in the model tends
to increase, and the model fitness improves as the significance
level increases. However, this is not always the case when
we calculate MSEs out-of-sample because of over-fitting. In
the case of the cross-validation analysis for GLSS 2012/13
data, there were no signs of overfitting, such as increasing
MSEs as the significance level increases from a certain point.
This suggests that there is no over-fitting problem in the
modeling in GLSS 2012/13 for the range of significance levels
investigated.

The average absolute values of the difference between actual
and projected poverty rates show a different trend. Although
the numbers fluctuate, it is clear that the difference starts
increasing once the significance level surpasses 6 percent.
Below 6 percent, the value fluctuates but is never below
the value at the significance level of 6 percent. Therefore, 6
percent is chosen as the optimal threshold of the significance
level for the stepwise regression procedure.

FIGURE 2 - Typical Results of Cross-Validation Analysis for Ghana 2012/13 data
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Fine-tuning before finaliging the model

After selecting the optimal significance level, a stepwise
OLS regression procedure is carried out with the full sample
of the modeling dataset to estimate a model at the optimal
significance level. To ensure all variables in the final model
are stable, an OLS regression with the full set of variables
is carried out for all ten testing datasets to make sure the
selected variables do not have coefficients that change signs
and that the selected variables do not get dropped due to
collinearity. If some variables are dropped due to collinearity
or the signs of their coefficients change, then these variables
will be removed from the final model. After removing these

In-sample poverty prediction

variables, an OLS regression is carried out with the final set of
variables to estimate the coefficients and the variances of the
coefficients and error terms. In addition to the statistical tests,
it is recommended to check whether the signs and values
of all estimated coefficients seem reasonable to those with
expertise in the country in question. If the sign of a variable is
the opposite of an expert’s intuition or binary correlations, this
may be an indicator of multicollinearity, and the model may
be very unstable; therefore, it is strongly recommended to
reconsider the exclusion of such variables.™

After finalizing the model, the kernel density plots of a few
imputed expenditure vectors and the actual expenditure are
produced to check the in-sample performance of predicted
vectors visually. In addition, the in-sample poverty rates are
estimated, as shown in Appendix A. Though this step will
not reveal the performance of the out-of-sample prediction
(across-time or data), this can help identify the case where the
log normality assumption of household expenditure or income

conditional on predictors does not hold. If the in-sample
predicted distributions are very different from the actual
distribution, or the predicted in-sample poverty rates are very
different from the actual poverty rate from the full training data,
the log-normality assumption does not hold. In these cases,
the imputation method described in Section 4.D. will be used
to address the identified non-normality. '

14
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There are two potential issues we need to consider here — overfitting and multicollinearity. If a model before fine-tuning does not have the over-fitting issue, then a model
after excluding variables in the previous model will not have the overfitting. Also, reducing the number of variables from a regression reduces the risk of multicollinearity.
Therefore, the final model after removing a few variables that are likely to be affected by multicollinearity is unlikely to be affected by overfitting or multicollinearity. Admit-
tedly, by conducting the whole process from the scratch after dropping problematic variables might give us a model that has higher model fitness. Practically, the team
redoes the model training process from the scratch only if the model after removing the problematic variables performs badly in terms of the model fitness measures
(MSE and absolute differences between the true and imputed poverty rates.)

Though we recognize that statistical tests like Shapiro—Wilk and Shapiro—Francia that can be easily implemented in Stata, we instead use the kernel density plots of the
in-sample predicted vectors and the in-sample poverty headcount prediction for a few reasons. First, the usefulness of tests like Shapiro-Wilk and Shapiro-Francia is
limited in our application since these tests are not useful with the sample sizes we usually have in our training data. These tests work with relatively small sample sizes,
e.g. less than 1000 observations are valid for the log-normality test with the Shapiro-Francia test (Stata manual). Second, even if the training data sample size is small,
the proposed normality tests can tell us only whether the distribution of the training data is normal or not, but not how far the tested distribution is from normal. Instead,
the approach described here more clearly shows whether the normality assumption on residuals hold or not, since we test the normality using the g-q plots.
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Simulation and estimation of poverty rates and the standard errors

Following the procedure presented above, the final model is used to project household expenditure or income twenty times for all
households. Poverty rates are estimated for each round of the simulation, and the average is taken as the estimate of the poverty
rate. The variance of the poverty estimate is calculated using the following formula (Rubin, 1987 and Schafer, 1999):
v = (1+2) () @ - )] + (B8, ven)

where m refers to the number of simulations, H' refers to the poverty estimate in round [ of the simulation, H " refers to a mean
of {H'} and the final estimate of the poverty headcount rate, and V(H') is an estimate of the variance of the poverty estimate in
round [ of the simulation. The first bracket presents the between-simulation variance, while the second squared bracket presents
the within-simulation variance. Consequently, the variance of the final poverty estimate is a weighted average of the within- and
between-simulation variances. To see the performance of the models, poverty rates are projected using the imputed household
expenditure or income in the training dataset and compared to those of the actual household expenditures in the training dataset.
This is called an “in-sample” test. Appendix A shows how well SWIFT models perform in “in-sample” tests.

Survey Design and Data Collection

Once the model for estimating household consumption is
complete, the next step in implementing SWIFT is to develop
the questionnaire. The purpose of the questionnaire is to
elicit the variables that make up the consumption model.
The questionnaire may consist only of SWIFT questions,
but often additional questions are added that the project
team wants to measure project-specific results. Alternatively,
SWIFT questions are frequently added to an already-planned
questionnaire.

To ensure data quality and consistency for the developed
SWIFT model, questions for SWIFT variables must be
presented exactly as they originally appeared in the survey
for the training dataset upon which the model was built. This
applies but is not limited to the wording of the questions and
the order of choices in multiple-choice lists. There may be
exceptions to this rule in rare circumstances — for example, if
the survey must be conducted by SMS/text and the character
limitations preclude the same wording — but changes should
rarely be made on a case-by-case basis with great care.®

Data is usually collected by a National Statistics Office or
a consulting firm hired by the project team. Once the data
collection starts, it is strongly recommended to conduct real-
time data monitoring. The automatic checks can prevent most

data entry errors in the CAPI questionnaire software, but it
is still useful to compare the summary statistics of SWIFT
variables with those in the latest household survey to ensure
normal data. For instance, household size is highly unlikely
to change drastically between two surveys; therefore, if there
is a significant change in household size from the previous
household survey to household size observed during the
current data collection, the way enumerators ask for household
size should be scrutinized.

Even if data is collected properly, the SWIFT poverty
projections can be biased if sampling is not done properly.
This paper does not discuss how to correct sampling bias,
but Zhang and Yoshida (2021) showed that a combination of
reweighting and modeling could address sampling bias.

Finally, after collecting data, it is important to test whether
there are clear outliers in variables in the models. If there
are many outliers, the observations should be dropped or
modified before imputing household expenditures or incomes.
Otherwise, poverty statistics estimated with the imputed
expenditures can be biased.

Further details on how SWIFT data is collected can be found
in the 2015 SWIFT Guideline (Yoshida et al., 2015).

16 Even though the wording of questions may be identical, responses to questions can differ between the training data and the SWIFT survey if other parts of the ques-
tionnaire differ or if training and/or the quality of enumerators differ. Mathiassen and Wold (2021) investigated and found several cases of reporting bias using data from

Malawi.
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Potential issues of SWIFT

SWIFT produces projections of poverty incidence and other monetary poverty statistics and
inequality measures, like the shared prosperity index and Gini coefficients. The models might
perform well in-sample, and small sample biases can be addressed by cross-validation. But, this
does not necessarily mean the models perform well in SWIFT datasets or other out-of-sample
data. SWIFT also faces a non-negligible risk of large projection errors like other projection
methodologies. This section discusses possible sources of projection errors.

Model stability

One of the biggest concerns about SWIFT projections is the assumption of model stability —
SWIFT and other S2S imputation techniques need to assume that a model does not change
over time, both in terms of the set of variables in the model and their coefficients.!” All changes
in household expenditure or income are assumed to happen because the variables in the model
change over time. But is this true? Ownership of cell phones has been increasing rapidly in many
poor countries. This is not only because people in these countries are becoming richer but also
because access to cell phones is becoming easier, and the prices of cell phones and service fees
are becoming significantly cheaper thanks to technological innovation and network externality. In
this case, the coefficient of cell phone ownership is likely declining rapidly. As a result, if a model
uses a coefficient for cell phone ownership estimated several years ago, present-day household
expenditure could be over-estimated. For SWIFT modeling, such variables whose coefficients
are likely to have changed dramatically in recent years are usually excluded from the pool of
candidate variables. Still, even if coefficients for some variables did not change much in previous
periods, they could change largely in more recent years. If so, it is difficult to identify such
variables and drop them in advance of SWIFT modeling. Therefore, once a model is developed,
the SWIFT team consults with those familiar with the country or projects to see if the selection of
variables and the signs of coefficients are reasonable.

17 As well as key parameters on the distributions of the coefficients and residuals.
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Below, this paper empirically examines the model stability
assumption using two tests proposed by Christiaensen et al.
(2012) and Sohnesen (2015). The former test, referred to as
the Christiaensen test, uses two rounds of household surveys,
including full consumption data and non-consumption data.
The test develops a model using the first round of the survey,

Variable selections

imputes household expenditures in the later round of the
survey, and compares the poverty rates calculated from the
imputed expenditure with those estimated from the actual
household expenditure data. The latter test, which will be
referred to as the Sohnesen test, directly examines the stability
of each group of variables.

Related to the model stability issue, variable selection is
important for creating a stable model for SWIFT. The inclusion
of mobile phone ownership often violates the assumption of
model stability. But this is not the only concern; for example,
household size is often highly correlated with consumption
levels and thus useful for distinguishing poor households from
non-poor households. However, it is not necessarily a good
variable to project poverty in the future if a country is facing
a large socio-economic transition. This is because it tends to

take a long time for household size to change, even under
socio-economic turmoil. Therefore, a model depending heavily
on household size cannot project future poverty well. In such a
circumstance, the inclusion of time-variant variables is crucial
for projecting poverty in the future, for which consumption
dummies and socio-economic sentiment/perception variables
are good candidates. This paper will discuss the issues of
variable selection using recent studies on Afghanistan, Gaza,
and Serbia SWIFT analyses.

Characterization of income/expenditure distributions

SWIFT uses STATA's Multiple Imputation program (Ml impute)
in normal circumstances. M| impute assumes a normal
distribution for residuals, from which residuals are drawn
randomly. For most surveys, household income or expenditure
distributions follow log-normal distributions. Therefore, after
converting the left-hand side variable (household income or
expenditure) to a natural logarithm, the distribution of residuals
is usually close to a normal distribution. Thus, Ml imputes
good projections of poverty and other related indicators.

However, the household income or expenditure distribution
does not follow a log-normal distribution for some surveys
or specific population groups. In this case, using a normal
distribution for imputations can cause a large bias in poverty
and other distribution indicators. Below, this paper shows such
examples using data from Sri Lanka and Turkey, and three
possible solutions for this issue will be discussed: (i) semi-
parametric estimation of residuals, (i) Ml PMM, and (iii)) Ml
with the Box-Cox transformation of the left-hand-side variable.

Multi-collinearity and nonlinearity and the use of Machine Learning

Recently, Machine Learning (ML) has been frequently used
in data science, particularly for prediction. This paper will
discuss the application of ML in poverty projections. The
paper will show the limitations of the direct application of ML

for projections of poverty and other indicators and discuss
how modifications can overcome these limitations. This paper
will also address some issues faced by the existing SWIFT
methodology, like multi-collinearity and nonlinearity.
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4.A EMPIRICAL TESTS ON MODEL STABILITY

This subsection shows performance test results of SWIFT
models, starting with the results of the Christiaensen test. The
test uses countries with comparable household expenditure
data in two rounds of household surveys, trains SWIFT
models with one round, and tests if the models closely
predicted poverty rates in another round. Seven regions from
four countries were used for this test. Table 1 shows that the
differences between SWIFT projections and the official poverty

TABLE 1 - SWIFT model overtime prediction power

rates are consistently less than 1.5 percentage points, and
in six out of seven cases, the differences are not statistically
significant at 5 percent. The only exception is the estimation
for Romania’s rural region, but even that estimate is almost on
the lower bound of the 95 percent confidence interval (SWIFT
projection is 32.098 percent and the lower bound of the official
poverty rate is 32.103 percent).

COUNTRY YEAR GAP REGION ABSOLUTE DIFFERENCE
Urban 1.09%
Uganda 3
Rural 0.16%
Urban 0.03%
Romania 1
Rural 1.46%
Urban 0.15%
Sri Lanka 3
Rural 0.85%
Afghanistan 5 National 1.40%

Note: All numbers in bold lie within the 95% confidence interval of original poverty rates.

Source: World Bank staff estimates.

SWIFT models were also able to project annual changes in the poverty rate in Serbia (2008, 2009, 2010), even when the changes

were small (see Boznic et al., 2017).

TABLE 2 - Serbia Model Predictions vs. Official Estimates*

NATIONAL POVERTY

Direct estimates (HBS)

Imputation using 2009 model

URBAN POVERTY

0.070

2008 2009 2010
0.061 0.069 0.092
0.069 0.082

Direct estimates (HBS)

Imputation using 2009 model

RURAL POVERTY

0.05 0.049 0.057
0.051

0.048 0.055

Direct estimates (HBS)

Imputation using 2009 model

0.075 0.096 0136
0.094

0.096 0117

Note: All numbers in bold lie within the 95% confidence interval of original poverty rates.

Source: Boznic et al., 2017.

18 Boznic, Vladan; Katayama, Roy; Munoz, Rodrigo; Takamatsu, Shinya; Yoshida, Nobuo. 2017. Prospects of Estimating Poverty with Phone Surveys: Experimental Re-
sults from Serbia. Policy Research Working Paper; No. 8225. World Bank, Washington, DC. © World Bank. https://openknowledge.worldbank.org/handle/10986/28585

License: CC BY 3.0 1GO.
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Here, we examine model stability using the method developed
by Elbers, Lanjouw, and Lanjouw (2003), who we will refer to
as ELL. The ELL method has been widely used for estimating
poverty rates at the subnational level, where models
are developed from a household survey, and household
expenditures and incomes are imputed into census data.
The standard SWIFT modeling approach is different from

TABLE 3 - Comparisons between official and projected poverty rates in Morocco

the ELL method. Although the ELL method can introduce
a complex structure into the residual distribution, SWIFT
assumes the simplest form, a normal distribution. However,
as will be discussed later, if the residual distribution appears
far from a normal distribution, the SWIFT program also uses
ELL methodology to allow the residual distribution to be non-
normal.

OFFICIAL POVERTY RATE 2007 MODEL 2001 MODEL
2001 15.30% 1510%
2007 8.90% 8.40%

Source: Dourdich et al. 2013.

Douidich et al. (2013) developed models from two rounds
of Household Expenditure Survey (HES) data for Morocco
(2001 and 2007) using the ELL method and imputed
household expenditures into Labor Force Surveys (LFS)
in the corresponding years. More specifically, a model was
developed from HES 2001 data using a small area estimation
method of ELL and household expenditures were imputed into
LFS 2007 to estimate the 2007 poverty rate. A model was also

Vietnam (national)

TABLE 4 - Comparisons between Direct Estimations and SAE projections (%)

1992/93

developed from HES 2007 data and household expenditures
were imputed into LFS 2001 to estimate the 2001 poverty rate.
Variables in the models needed to be included in both HES
and LFS data so that imputations into LFS could be done.
Table 3 shows that the poverty estimates were very close to
the official poverty rates of the corresponding years, despite
the fact that the HES data used for modeling and the LFS data
were six years apart.

Inner Mongolia

Gansu

Kenya (national)

Russia (national)

DIRECT ESTIMATION SAE PROJECTION
1997/98 1997/98
60.6 374 36.7
2004 2004
19 6.2 7.8
24.3 1.8 15.5
1997 2005/6 2005/6
50.8 46.6 455
1994 2003 2003
N4 141 9.2

Source: Christiaensen et al. 2012.

Christiaensen et al. (2012) also tested the stability of estimated
relations between household expenditures and its predictors
by analyzing the performance of poverty prediction models
based on the small area estimation technique developed by
ELL. The study was based on the Vietnam Living Standards

Surveys (VLSS)for 1992/1993 and 1997/1998; rural household
panel data (2000-2004) from Gansu and Inner Mongolia in
China; Russian Longitudinal Monitoring Surveys (RLM) in
1994, 1998, and 2003; and Kenya’s 1997 Welfare Monitoring
Survey and 2005-06 Integrated Household Budget Survey.
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In the Vietnam and China data, there was rapid poverty
reduction. The national poverty rate declined from 60.6 percent
to 37.4 percent between 1992/93 and 1997/98 in Vietnam while
the poverty rate declined from 19.0 percent to 6.2 percent in
Inner Mongolia and from 24.3 percent to 11.8 percent in Gansu
between 2000 and 2004. A large poverty reduction is likely to
occur alongside a massive structural change in the economy,
which might cause concerns about model stability failing to
hold. But as Table 4 shows, projections based on models from
the previous survey using the SAE methodology predicted
poverty headcount rates well. This is so even if poverty rates
are disaggregated further (available in Christiaensen et al.
2012). In the Kenya and Russia data, the poverty rates did
not change much for the selected survey periods, but poverty
projections based on the SAE methodology still performed well
and were very close to the direct estimations from household
consumption data.

We now assess the results of the Sohnesen test, shown
in Table 5. Sohnesen (2015) and Sohnesen et al. (2021)
conducted direct tests of parameter stability by estimating

coefficients of variables for two rounds of household survey
data using the ELL method and checking whether or not they
were statistically significantly different. To test this, Sohnesen
used data from Afghanistan (2011 and 2016), Albania
(2005 and 2008), Malawi (2004 and 2010), Romania (2010
and 2011), Rwanda (2005 and 2010), Sri Lanka (2012 and
2009), and Uganda (2005 and 2009)." Since the stability of
coefficients can be affected by other variables in a model,
Sohnesen constructed more than 100 different models for
each country case and examined the percentage of models
where the coefficients did not change over time.

For all countries and types of variables, the coefficients of
variables between two rounds of household survey data
were not statistically significantly different for 75 percent of
the models. In the case of Albania, Romania, Sri Lanka, and
Uganda, the coefficients of variables did not change over time
for at least 80 percent of the models. While this analysis is
limited to only seven country cases, it shows strong evidence
for the stability of coefficients over time.

TABLE 5 - Percentage of variables that have stable coefficients®

TYPES OF AFGHANISTAN  ALBANIA MALAWI ROMANIA RWANDA  SRILANKA  UGANDA
VARIABLES 2011-2016  2005-2008 2004-2010  2010-2011  2005-2010 2009-2012  2005-2009

Location 381% 76.4% 51.8% 92.6% 75.0% 88.0% 63.6% 68.3%
Demographics 75.9% 86.0% 75.9% 90.5% 50.7% 86.3% 81.8% 80.7%
Education 77.4% 80.8% 68.3% 881% 38.6% 85.2% 88.9% 76.9%
Housing 64.2% 87.9% 72.6% 89.8% 55.3% 74.9% 81.4% 78.5%
Durable goods 63.2% 74.5% 33.9% 92.6% 48.3% 72.8% 86.5% 71.5%
dummies

Food

consumption 58.4% 78.1% 49.7% 97.5% 86.2% 88.4% 83.9% 78.5%
dummies

Non-food

consumption 62.7% 83.3% 58.3% 90.4% 70.8% 67.0% 81.2% 75.4%
dummies

S 52.7% 84.0% 67.6% 66.6%
welfare

Employment 84.8% 931% 58.9% 94.8% 52.2% 80.8% 73.5%
e 63.8% 82.5% 58.2% 91.2% 67.3% 81.5% 81.3% 75.4%
variables

Note: A normal variable is one that on average is continuously increasingly more likely to be consumed by wealthier households. An inferior
variable is one that is continuously decreasing over the consumption distribution. A rare variable is defined as a variable with a value for less
than 35 percent of the sample in year one.

19  Data sources are available in annex.

20 With two datasets including consumption and predictors, the author has in each country generated 1200 random consumption models and tested the stability of each
variable. The idea being that the large number of models, where each variable enters in at least 100 different consumption models, will reveal how likely the assumption
is to hold in general, and which variables are more likely to remain stable compared to others.
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Understandably, coefficient stability can also be associated
with the number of years between surveys. Malawi, which
had the longest time span between surveys (six years), had
the least stable parameters, while Romania, which had the
shortest time span (one year), had the most stable parameters.
However, since the number of observations is limited, further
exploration with more observations is necessary to draw
stronger conclusions.

For each country, Sohnesen (2015) also conducted a survey-
to-survey imputation into the latest round of survey data

using a model drawn from the previous round of data to
see how well poverty rates could be estimated. To perform
this exercise, he used a small area estimation method, and
the final list of variables was chosen by a stepwise variable
selection approach with a threshold of 1 percent. For three out
of five countries, the projections predicted a national poverty
rate within the 95 percent confidence interval of the official
poverty rate. The performance of poverty projection for urban
areas is better than that of rural areas.

TABLE 6 - Percentage differences in poverty rates between the official and projected poverty rates

COUNTRY NATIONAL
Albania 2005-2008 -0.3%
Malawi 2005-2010 -0.9%
Rwanda 2005-2010 -11%
Uganda 2006-2010 -6.7%

RURAL URBAN
-0.9% 1.7%
1.7% -6.4%
-0.4% -0.5%
-6.1% 0.2%

All numbers in bold are not significantly different from measured poverty levels. A naive model allows all variables to enter. A base model
excludes variables that changed more than 25 percent between the two years. The result of Tanzania is deleted since it was recognized the
survey was not comparable. *Uganda’s results are different from Table 1 since poverty was predicted in 2010 in this case, while poverty in

2006 was predicted in Table 1.
Source: Sohnesen (2015). See appendix C for sources of data.

Failures of model stability and comparability of consumption/

income data over time

Christiaensen et al. (2012) showed a failure of poverty
projections using survey-to-survey imputation. They developed
a model using Russia’s RLMS 1994 data and imputed
household income into the 1998 and 2003 datasets. The
imputation for the 2003 data was successful but that of the 1998
data was not. According to the official poverty estimates, the
poverty headcount rate in Russia increased from 11.4 percent
to 33.8 percent between 1994 and 1998. But according to the
poverty projection based on the small area estimation method,
the poverty rate increased only by 2 percentage points to 13.2
percent in 1998. While the general increasing trend of poverty
has been accepted in the literature on Russian poverty due
to the Russian financial crisis in the late 1990s, some papers
have raised doubts on the magnitude. For example, Stillman
and Thomas (2008) found almost no effect of the 1998 crisis
in Russia on nutritional status. Also, Gibson et al. (2008) found
evidence of a substantial overstatement in the CPI for urban
Russia, which implies a substantial overestimation of poverty.

Another similar example is found in Lesotho 2002-03 and
2010-11. Allwine et al. (2013) showed that consumption data
from the 2010-11 dataset were not comparable with that of the
2002-03 data and conducted a survey-to-survey imputation to
produce a poverty trend between these rounds. In this case,
since the consumption data of the 2010-11 survey had too
many problems, there was no debate on whether the poverty
rate directly estimated from consumption data was similar to
the poverty projection. The paper focuses on the consistency
between poverty projections and other welfare indicators like
GDP, GNI, and an asset ownership indicator.

Beyond these two examples, comparability of consumption
or income data is often questionable and, as a result, simply
comparing the results of poverty projections with those from
consumption or income data is not necessarily a good test
for the precision of poverty projections. This is the reason
why Christiaensen et al. (2012) did a thorough assessment of
comparability of consumption data before comparing poverty
projections with the direct estimation from consumption or
income data.
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4.B VARIABLE SELECTION AND SWIFT PLUS

Sohnesen (2015) and Sohnesen et al. (2021) found that some
variables are more vulnerable to changes in coefficients over
time than other variables. When selecting the best models,
Christiaensen et al. (2012) showed that the performance of
poverty projections improves by dropping demographic and
education variables, likely because such omissions mitigate
potential bias from changing returns to labor and education.
For the same reasons, ownership of cell phones is often
dropped from a model even if it has big predictive power
within the same round of data, because the cost of owning cell
phones in poorer countries has been declining rapidly year-to-
year; Inclusion of cell phone ownership often underestimates
the poverty rate and overestimates the pace of poverty
reduction?!

Sohnesen (2015) and Boznic et al. (2017) argue the importance
of including time-variant variables in a poverty projection

model. If a model includes only demographic variables or
location variables, since these variables do not change much
over time, poverty projections based on that model will not
show much change over time. As a result, Boznic et al. (2017)
included economic sentiment variables and dummies for the
purchase of cheap goods, both of which were responsive to
fluctuations in GDP and other economic indicators. However,
this does not mean excluding time-invariant variables
improves model performance. Some time-invariant variables,
like household size and location variables, are important to
distinguish the poor from the non-poor within the same round
of data. The best poverty projection models often include both
time-invariant poverty predictors, to distinguish the poor from
the non-poor within the same round, and more responsive
time-variant variables, to reflect economic trends. To see this,
it is useful to have multiple rounds of household surveys with
consumption or income data.

SWIFT Plus: Variable selection during an economic downturn

For SWIFT to produce accurate poverty rate estimations,
the correlation between the model variables and poverty
status must remain stable. The variables included in the
standard SWIFT model have proven to be very responsive
to economic upturns, but not as responsive to economic
downturns. Ownership of consumer durables and assets are
prime examples of such variables. If second-hand markets
are not widely established, it is difficult for households to
sell consumer durables and assets, even when their income
declines and they need extra money. Further, even if second-
hand markets exist, assets and consumer durables may be
heavily discounted, so households may be hesitant to sell
their items unless they are desperate for a small amount of

additional funds to sustain their household members. As a
result, ownership of assets and consumer durables might not
change, even if an economic crisis hits the country and poverty
is rising. Therefore, relying only on the variables included
in the standard SWIFT methodology, like asset ownership
and housing conditions, will likely show a stagnation in the
projected poverty rates, underestimating true poverty during
the economic downturn. To remedy this problem, SWIFT Plus
was developed as a modified SWIFT approach for times of
economic downturn. SWIFT Plus adds additional variables to
the model that are more responsive to economic downturns.
Such variables can include consumption of food items and
economic sentiments.

Case Studies of SWIFT Plus - Afghanistan 2011 to 2016 and Gaza

2011 to 2016

From 2011 to 2016, Afghanistan’s national poverty rate rose
16 percentage points due to large withdrawals of foreign
aid and a worsening employment environment. Over this
time period, the poverty rate in Gaza also increased by 14
percentage points. Comparing the summary statistics of

21 Dang et al. (2017) also conducted an analysis on variable selection.
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housing conditions and asset ownerships, not much change
is visible. Households seem to have better sanitation and
electricity connections, higher education levels, and more
assets over time. At the same time, households reported that
their economic situation had recently gotten much worse and



that they felt less secure. Indeed, most consumption variables
show a reduction in consumption. For more detailed statistical
comparisons for Afghanistan, see Appendix B.

A standard SWIFT model from the 2011 data makes clear
the impact of including asset ownership variables. The model
performed well in predicting household expenditures in the
2011 data but overestimated household expenditures in the
2016 data, thus producing a poverty rate estimate much
lower than the official poverty rate (see the column “Standard
SWIFT” in Table 7).

To improve the responsiveness of the model to the economic
downturn, all asset ownership variables were dropped and
economic sentiments, perception of security situations, and
consumption dummies were included in the model. The
revised SWIFT Plus model for Afghanistan more accurately
predicted household expenditures in 2016 and the resulting
poverty projection is almost identical to the official one (see
the column “SWIFT Plus” in Table 7). For Gaza, the SWIFT
estimation was done backward — models were developed

OFFICIAL STANDARD

ESTIMATES SWIFT SWIFTPLUS
2011 38.3%
2016 54.5% 39.4% 53.5%

TABLE 7 - Comparison of standard SWIFT and SWIFT Plus modeling

AFGHANISTAN (2011-2016)

using the 2016 data to estimate poverty rates in 2011. Official
poverty rates showed a significant increase in poverty between
2011 and 2016 for the Gaza region. However, standard
SWIFT estimates showed almost no change in poverty over
this period, while SWIFT Plus estimates showed a significant
increase in poverty (see Table 7). The improved accuracy is
because economic sentiments, perceptions, and consumption
dummies respond to the economic downturn quickly.

This approach of including time-variant variables and limiting
the inclusion of time-invariant variables was also taken in
Boznic (2017). Boznic adopted this approach to make a model
responsive to annual changes in poverty in Serbia. However,
the variables that are time-variant and -invariant can differ
by country and time period. As shown in Christiaensen et
al. (2012), asset ownership variables performed well when
estimating poverty in an economic upturn in Vietnam and
China. This suggests the importance of understanding the
country context and carefully examining summary statistics of
all candidate variables before carrying out modeling.

GAZA (2011-2016)

OFFICIAL STANDARD
ESTIMATES SWIFT SWIFTPLUS
38.8% 46.7% 41.3%
53.0%

Source: Authors’ estimations using Afghanistan ERCV 2011-12 and 2016-17 data

Sohnsen et. al (2021) conducted additional systematic analysis
on the usefulness of time-variant variables for seven countries
over a period of years. They conducted the Christiaensen test
to see the prediction performance of standard SWIFT, SWIFT
Plus, and SWIFT Plus excluding asset ownership variables.
Table 8 shows the predicted national poverty rates for the
three SWIFT methods and the actual poverty rates in the
modeling year (the first year in each country’s date range) and
the prediction year (the last year in each country’s date range).
The closer the predicted poverty rates are to the actual poverty
rate in the last year, the better the prediction performance is.

The results in the table show that the predictions from the
SWIFT Plus model which includes asset variables worked
best in general. This is exemplified best with Rwanda’s
results, where the SWIFT Plus prediction (43.3 percent)
is almost exactly the actual poverty rate (44.9 percent), the
SWIFT Plus minus assets prediction (40.7 percent) is close
but with a non-negligible difference, the standard SWIFT
prediction (48.9 percent) is farthest from the actual poverty

estimate. Malawi’s results are a little more nuanced than
Rwanda’s, but the SWIFT Plus approach is still the closest.
Romania and Sri Lanka’s results show that the three SWIFT
approaches produce similar estimates that all work well.
Albania’s case shows that the standard SWIFT and SWIFT
Plus approaches work well and the SWIFT Plus minus assets
approach produces a slightly larger bias. Uganda is the only
case where none of the three approaches seem to work.
Finally, in Afghanistan’s case (already explained above), the
SWIFT Plus minus assets approach works best, the SWIFT
Plus approach (including asset variables) also works, but the
standard SWIFT approach does not work at all.

The results of these countries lead us to conclude that
SWIFT Plus (including asset variables) is the safest approach
to employ when making predictions without reasonable
knowledge of the economic situation in the near future. If there
is a sudden economic downturn, using the standard SWIFT
approach increases the risk that the predictions will diverges
largely from reality, as seen in the case of Afghanistan,
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Rwanda, and Malawi. While Afghanistan’s case would lead us
to believe that the SWIFT Plus minus assets approach would
be the most useful in a crisis, we do not find a similar pattern
for Malawi, where instead poverty reduction stagnated. One
benefit of using SWIFT Plus is that it is easy to then repeat

ACTUAL
FIRST YEAR LAST YEAR
Afghanistan (2011-2016)* 38.3% 54.5%
Albania (2005-2008) 17.7% 121%
Malawi (2005-2011) 51.6% 50.2%
Romania (2011-2012) 22.6% 21.7%
Rwanda (2005-2008) 56.7% 44.9%
Sri Lanka (2009-2012) 8.7% 6.5%
Uganda (2009-2012)** 24.5% 19.5%

TABLE 8 - The national poverty rate prediction by standard SWIFT, SWIFT plus, SWIFT plus less assets

the process with the SWIFT Plus model minus assets to see if
there are different results. If there are different results, further
investigation is required to determine whether the use of
assets fit the economic situation in the country.

SWIFT PREDICTIONS (FOR THE LAST YEAR)

43.2% 511% 53.5%
12.8% 13.0% 14.0%
51.6% 49.7% 48.6%
21.9% 22.3% 22.4%
48.9% 43.3% 40.7%
6.0% 7.0% 7%
23.8% 23.3% 23.2%

Source: Excerpt from Sohnsen et. al (2021).

Note: First year refers to the first year in the date range for each country and last year refers to the last year in the date range for each country
*The standard SWIFT prediction's result differs from Table7 since a different version within the standard SWIFT prediction was used.
**The Uganda urban result differs from Table 1 since the direction of the prediction is opposite. In this study, the ending year's poverty was

estimated, and the model was estimated in the initial year.

BOX 1: SWIFT PLUS COVID-19 PILOT

In March 2020, the World Bank Group launched a SWIFT Pilot to estimate poverty and inequality trends, as well as profiles
of the poor, during the COVID-19 pandemic. The pilot has taken place in around twenty countries, and results of six
countries can be found in the first report on this pilot (World Bank 2021). The pilot utilizes data from SWIFT questionnaire
modules in High Frequency Phone Surveys or a Rapid and Frequent Monitoring System (only in the case of southern rural
Malawi). Due to the rapidly changing economic circumstances and the reliance on phone survey data, the pilot program
uses a custom SWIFT approach, the SWIFT-COVID19 package. This package uses the SWIFT Plus methodology for
poverty projections, as SWIFT Plus works better to reflect actual poverty rates during economic downturns, like the
COVID-19 pandemic. Secondly, the SWIFT-COVID19 package implements reweighting of the sample data to avoid the
non-poor, non-phone-owner bias often found in phone survey data.

Results from the first report on this pilot show that all countries likely experienced a sizeable increase in the poverty rate
compared to the pre-COVID era. The World Bank also found that the trajectory of inequality has not been one direction —
some countries experienced declining inequality while others experienced the opposite. This suggests that both the poor
and the non-poor have suffered. In general, the poor fared worse in food security but not always worse in employment.
Lastly, it was found that while government aid has generally been pro-poor, governments have not always been successful
at targeting aid to those recently made poor due to the pandemic. (World Bank 2021)

This pilot reveals the potential of utilizing SWIFT to monitor poverty and inequality more frequently and more cost-
effectively than has been possible before. Traditional poverty estimations have utilized data that costs over one million
USD and take three or more years to collect, making annual tracking of poverty and inequality near impossible. However,
this pilot shows that because SWIFT relies on shorter, smaller surveys, and can work well with phone surveys, it is
possible to track poverty quarterly or even monthly.
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Checking Model Stability using Past Surveys as part of modeling

Empirical evaluations show that model stability holds in
several countries and areas and different time periods.
However, there is no guarantee that even if model stability
holds in a particular area and time period, it will hold in another
area and time period. To minimize the risk of model instability,
SWIFT undertakes “backward imputation” as a model stability
test whenever possible. The backward imputation process is
illustrated in Figure 3.

Suppose the latest household survey collected in 2012/13 is
used to develop a model (f(x)) and that there was a previous
round of household survey collected in 2005/06 whose data
(including both household expenditure or income and poverty
proxies used in the model) are comparable with those of
the latest survey. The model developed from the 2012/13

data can then be used to impute household expenditures ()
into the previous round of the household survey (2005/06).
Since the latter data includes household expenditure data
(C), household expenditure imputed by the model can be
compared with the official numbers, and the distributions, as
well as the estimates of poverty and inequality statistics, can
be examined for similarity. As long as this test is passed, the
model is considered stable over the two rounds of household
surveys. However, this test is still imperfect, since passing this
test does not guarantee that the identified model is impervious
to change from a large shock or crisis after the last round of
household survey data collection — nevertheless, it is still
useful to identify variables whose coefficients are not stable
over time in the absence of a large shock or crisis.

FIGURE 3 - Anillustration of a backward imputation as a model stability test
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A multi-topic household survey including both consumption and non-consumption data

C=f(X) Projected household expenditure data using a model developed in the latest round of

Source: Authors’ illustration.

household survey and a set of variables in the previous round
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4.C SWIFT 2.0: ASOLUTION FOR MODEL STABILITY

CONCERNS

Even with many adjustments, model stability remains a
concern for SWIFT and other S2S methodologies, especially
when a country experiences a big shock or economic
transformation. For example, farmers in Africa experienced
disastrous impacts due to the global food crisis and the
following global financial crisis between 2009 and 2010 and
the drought in 2016, causing many to fall into extreme poverty.
Unfortunately, many countries in the developing world do not
collect household expenditure or income data frequently and
do not have any data on poverty and household expenditure
when these crises hit; as a result, it is hard to determine
the magnitude of the impact on poverty and income growth.
SWIFT is a quick and cheap solution for frequently monitoring
poverty, income growth, and inequality — but the reliability of
estimates from SWIFT surveys hinges on the model stability
assumption, which is debatable because severe shocks can
change the relationship between household expenditure or
income and poverty proxies. Recent studies on Afghanistan
and Cambodia and Christiaensen et al. (2012)'s work on
Vietnam show that as long as variables are carefully selected,
even if a large shock occurs after a survey is collected, a
model can still project post-crisis household expenditures or
income well. However, concerns about model stability remain.

SWIFT 2.0 was created to address this concern. SWIFT
2.0 implements a survey that collects a large sample of
non-consumption data, like a regular SWIFT survey, but
also simultaneously collects a small subsample of both
consumption and non-consumption data. Using the subsample,
which includes both consumption and non-consumption
data, imputation models are developed and used to impute
household expenditure or income into the rest of the sample
without consumption data. Since the imputation models are
developed from a subsample collected at the same time as the
full sample, there is no model stability issue. In other words,
while the standard SWIFT methodology develops a model
from a past survey and imputes household expenditures into
the more recently collected SWIFT survey, SWIFT 2.0 collects
the modeling data as a subsample of the SWIFT survey.?

Compared to a standard SWIFT survey, a SWIFT 2.0 survey is
more costly and can take longer because (i) full consumption
data needs to be collected for a subsample and (ii) for the
rest of sample, there is no focus on questions needed for
specific variables included in the model. In the standard
SWIFT methodology, first, a model is developed and second,
a SWIFT survey is implemented to collect data on the model
variables, meaning a survey can consist of only 10 to 15
questions. However, in SWIFT 2.0, since the model is not
developed prior to survey implementation and the model
variables have not been identified, the full sample survey
requires around 20 to 30 questions which are commonly
used for models. Some of these questions are on standard
household characteristics, such as household size; materials
used to construct the dwelling’s floor, walls, and roof; and
source of drinking water. Other common questions concern
characteristics of the household head, such as their age, sex,
education level, and employment status and sector. Finally,
the survey should include questions on consumption of some
food and non-food items. The selection of these items would
be determined based on knowledge of commonly consumed
items in the surveyed areas. With the standard SWIFT
approach, some, but not all of the aforementioned information
would be used in a model. For instance, the material of the
dwelling floors may be included but not the material of the
dwelling walls. This means that for a standard SWIFT survey,
a household need only be asked about the former and not
the later — however, because the model has not yet been
created at the time of the survey when using the SWIFT 2.0
methodology, the household must be asked about both the
dwelling’s floor and wall materials, so that the information is
readily available depending on what information is ultimately
included in the model. Even though the number of questions
required per household is double that of a standard SWIFT
survey, the inclusion of additional questions only increases
each interview time by 2 to 5 minutes.

Despite the increase in time and cost of the full sample survey
compared to the standard SWIFT approach, the main additional
cost and time for data collection comes from the collection
of full consumption data for the subsample. The smaller the

22 Another important advantage of SWIFT 2.0 is the reduced risk of non-comparability of variables used in imputations since non-consumption data in the training data (i.e.
the subsample) and the imputed data are collected in exactly the same manner in terms of enumeration and the questionnaire. Therefore, room for non-comparability is

limited.
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subsample, the lower the survey implementation cost and
time. But the smaller the subsample, the less reliable the
models become. Price adjustments present another challenge
but are critical for poverty measurement. Nominal household
expenditures must be deflated by a price index so that both
household expenditures and poverty lines are evaluated at the
same prices. For price adjustments in poverty measurement,
Paasche, Laspayres, and Fisher indices are often used. If
the Paasche or Fisher index is adopted, budget shares for
items need to be constructed from household expenditure
data. In the case of SWIFT 2.0, the budget shares need to be
calculated from the subsample.

The question remains on how small a subsample can be.
Faizuddin et al. (2014) conducted an empirical test for SWIFT
2.0 using the Bangladesh Household Income and Expenditure
Surveys of 2000 and 2005.2° Their analysis examined the
relationship between the size of the subsample and the
performance of SWIFT 2.0 imputations and compared the
performance of SWIFT 2.0 with a standard SWIFT approach.
For the standard SWIFT approach, they developed a model
from the 2000 dataset, with which they imputed household
expenditures and estimated poverty rates in 2005. For
the SWIFT 2.0 approach, they developed a model from
a subsample of the 2005 dataset, with which they imputed
household expenditures and estimated poverty rates in 2005.

A case study for Zimbabwe

A maijor issue of limiting the size of the subsample is over-
fitting. Since Faizuddin et al. (2014) conducted a modeling
exercise without cross-validation, they faced the over-fitting
issue, resulting in a great performance in-sample but a bad
performance out-of-sample. Because of this, they used Elbers
et al. (2002)’s proposed rule of thumb, that the total number
of variables used for the modeling exercise be less than the
square root of the sample size. After applying this rule, they
avoided the over-fitting issue and found that in the case of the
2005 Bangladesh data, a subsample of 320 observations is
enough to estimate poverty rates at the national level and for
rural and urban areas accurately.

Faizuddin et al. (2014) also found that the national and rural
poverty rates estimated by the standard SWIFT approach
were inside of the 95 confidence intervals of the corresponding
direct estimations, but the urban poverty rate did not fall inside
of the 95 percent confidence interval of the corresponding
direct estimation.?* This suggests that the stability assumption
is violated for the estimation of the urban areas. On the other
hand, all national, urban, and rural estimates from the SWIFT
2.0 approach fall inside the 95 percent confidence interval
for the corresponding direct estimations. (See Table 8 in
Faizuddin et al. 2014).

SWIFT 2.0 was carried out in Irag and Zimbabwe and the full
results for Zimbabwe are presented here. Zimbabwe’s latest
household survey was conducted in 2017 and due to the
recent hyperinflation, there have been concerns that poverty
incidence might be increasing rapidly. Although demand for
poverty data has been high, the high costs of data collection
have prevented Zimbabwe from carrying out a traditional
household survey. The Zimbabwe National Statistics Agency
and the World Bank team agreed to implement SWIFT 2.0 to
gain a quick insight into the current status of poverty and living
conditions of the population.

The SWIFT 2.0 survey was implemented in May and June
2019. The size of the subsample with both consumption and
non-consumption data was designed to be 600 and the size of

23  Fujii and van der Weide (2020) also conducted a similar assessment.

the rest of the sample, with only non-consumption data, was
designed to be 3,000. Due to nonresponses, the final size of
the subsample was 509 and that of the rest was 2,201.

Models were developed for urban and rural areas separately
using the subsample data. Cross-validation tests were used
to ensure no over-fitting. For the subsample, both models,
standard SWIFT and SWIFT 2.0, predicted poverty rates of
urban and rural areas well. With actual and imputed data, the
final estimates of poverty rates for urban and rural areas were
24.3 and 72.0 percent using the lower poverty line, respectively.
By adding both actual and imputed data, the standard errors
declined from 5.1 percent to 4.4 percent for urban areas and
from 4.7 percent to 2.5 percent for rural areas. Results are
shown in Table 9.

24 However, for all national, rural, and urban estimates, the differences between the direct and imputed estimates are not statistically significant.
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TABLE 9 - Poverty headcount ratios in 2017 and 2019
(based on lower-bound poverty line of US$45.60 per person per month in 2017)

ESTIMATE STD. ERR.
National 53.0 0.6
Rural 71.6 0.6
Urban 15.9 1.4

2019 ESTIMATE STD. ERR.
National 57.3 2.4
Rural 7241 25
Urban 24.3 L4

[95% CONF. INTERVAL] SAMPLE SIZE
51.7 54.2 30,157
70.5 727 24,596
13.2 18.5 5,561

[95% CONF. INTERVAL] SAMPLE SIZE
52.5 621 2,201
67.0 774 1,624
15.5 331 577

Source: Based on the PICES 2017 and Mini-PICES 2019.

A comparison with Rapid Consumption Survey (RCS) approach
developed by Pape and Mistiaen (2018)

SWIFT 2.0 overcomes the model stability issue by collecting
household expenditure or income in a subsample of a SWIFT
survey so that the model reflects the current relationship
between household expenditure or income and poverty
proxies. Another approach developed by Pape and Mistiaen
(2018), the “Rapid Consumption Survey” (RCS),?® collects
portions of consumption data for the whole sample instead
of collecting full consumption data for a subsample. RCS
splits the sample of households into 3 or more groups. For
the sake of exposition, we focus on a split of 3. After dividing
the sample, the consumption module is separated to four
categories: a core module and three partitions of the remaining
consumption questions. Each group’s consumption module
includes the core module and one of the partitions (see Figure
5). The dropped partitions are imputed by models developed
from other group’s data, which include those partitions. In
the example in Figure 4, Group 1 does not have data on
partitions P2 or P3. To impute Group 1’s consumption data for
P2, Group 2's data is used to develop a model by regressing
household expenditure in P2 on consumption data in the core
data and selected non-consumption data. The same is done
for imputing Group 1’s missing consumption data for P3 by
developing a model from Group 3’s data. Similar exercises are
done to fill missing the consumption data in Groups 2 and 3.

Like SWIFT 2.0, RCS develops models using subsamples
of the same survey. Therefore, there is no model stability

issue. Additionally, since RCS does not have to collect two
partitions, the time for collecting data is less than a traditional
household survey. The first paper on RCS, Pape and Mistiaen
(2018), stated that the consumption data could be collected in
60 minutes, rather than the two to three hours of a traditional
household survey.

However, unlike SWIFT 2.0, RCS includes consumption
data collected from the core consumption module. Since a
correlation between consumption data from the core module
and those from a partition tends to be very high, this inclusion
usually increases the accuracy of imputations in RCS.
Therefore, expanding the part of the core-consumption module
simultaneously increases the accuracy of RCS imputations
and increases the data collection time. At the extreme, if the
core-consumption module is expanded to the full consumption
module, the time needed to carry out RCS becomes identical
to the traditional data collection. In RCS, therefore, how
the core modules and partitions are organized becomes an
important implementation question.

We now compare RCS with SWIFT 2.0 in terms of the total
interview time needed for collecting data. Both RCS and
SWIFT 2.0 can address the model stability issue by training
models from the same household survey as the imputation
data, but how they save interview time differs. In RCS, the total
interview time is reduced because each sample household

25 Pape and Wollburg (2019) include details of how this approach was implemented in Somalia.
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FIGURE 4 - Comparison between RCS and SWIFT 2.0

SWIFT 2.0
MODULES mm GROUP 3 MODULES SUBSAMPLE SWIFT ONLY
P3 P3 P3 P3 P3
Cons P1 P1 P1 Cons P1 P1
Core Cons Core Cons Core Cons Core Cons Core Cons
Non-cons Selected Selected Selected Non-cons Selected Selected

Source: Authors' illustration based on Pape and Mistiaen (2018).

does not have to collect the full set of consumption data, and
instead collects only the partition of the consumption module
(plus the core module) for its group. In SWIFT 2.0, the total
interview time is reduced consumption data is only collected
for the subsample. The relative benefit of SWIFT 2.0 over RCS
increases as the total sample size (beyond the subsample)
increases, while the relative benefit declines as the number of
partitions in RCS increases.

To see the former, consider the following thought experiment.
Suppose a traditional household survey needs 60 and 30
minutes per household for collecting consumption and non-
consumption data, respectively. This means the interview time
for collecting both consumption and non-consumption data in
a traditional survey is 90 minutes. To be consistent, a SWIFT
2.0 survey is assumed to need 90 minutes per household in

the subsample, since both consumption and non-consumption
data are collected, and 30 minutes per household for the rest
of the sample, since only non-consumption data is collected.
That being said, 30 minutes for collecting non-consumption
data is a very conservative estimate. Many experiments of
standard SWIFT surveys show that if only non-consumption
data needs to be collected, the data collection time is no more
than 15 minutes. However, since the variables needed for
the models using SWIFT 2.0 cannot be known ex ante, this
thought experiment allocates 30 minutes for collecting non-
consumption data. Finally, an RCS survey is assumed to need
60 minutes for every household in the sample. Figure 5 shows
the estimates of the total interview time and the interview time
per household for the above three types of data collection:
SWIFT 2.0, RCS, and a traditional household survey.

FIGURE 5 - Comparisons of interview time (hours) between RCS and SWIFT 2.0
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Source: Results of cross-validation analysis using GLSS 2012/13 data.
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Since SWIFT 2.0 requires the same time as a traditional survey
for the subsample of 300 households, the total interview time
and interview time per household for SWIFT 2.0 are identical
to those of a traditional survey when the total sample size is
300. Since the RCS survey needs only two-thirds the time of
the traditional survey, its total interview time and interview time
per household are smaller than those of SWIFT 2.0 and the
traditional survey when the sample size is 300. However, as
the sample size increases, the interview time per household of
SWIFT 2.0 declines while that of RCS survey stays constant.
When the sample size is 600, the interview time per household
is identical and as the sample size continues to increase, both
the interview time per household and total interview time of
SWIFT 2.0 becomes smaller than those of the RCS survey. In
other words, SWIFT 2.0 has economies of scale while both the
traditional and RCS surveys do not. As a result, as the sample
size becomes bigger, the bigger the relative advantage of
SWIFT 2.0 over RCS.

The interview time of an RCS survey can be reduced by
shrinking the core consumption module and increasing the
partitions (and groups) because both shrink the consumption
module of each household in the RCS survey. However,
increasing the number of partitions risks creating unreliable
models; Increasing the number of partitions increases
the number of groups, which in turn reduces the number

of observations used for developing a model if the total
sample size remains the same. For example, if the number
of partitions is three and the sample size is 900, then three
groups need to be created and 300 households are allocated
to each group. Given the sample size of 900, if the number of
partitions is increased to nine, then nine groups need to be
created and only 100 households can be allocated to each
group for which a model is estimated. Therefore, increasing
the number of partitions reduces the number of observations
that can be used to estimate a model and thus increases the
risk of deteriorating model fitness and various kinds of small
sample bias.

In summary, both SWIFT 2.0 and RCS can reduce the interview
time compared to a traditional household survey and can fully
address the model stability issue. The relative advantage
of SWIFT 2.0 over RCS goes up by increasing the sample
size but declines by increasing the number of partitions and
shortening the core module in RCS. However, it is worth noting
that increasing the number of partitions and reducing the core
modules have a risk of lowering model fitness. Finally, this
subsection focuses on the above two key factors, but there
are many other factors of SWIFT 2.0 and RCS that affect the
relative advantage of SWIFT 2.0 over RCS. Further research
is needed to provide a clear understanding of the pros and
cons of these approaches.

A comparison between the traditional approach and SWIFT 2.0

Is SWIFT 2.0 more cost-effective than the traditional data
collection methods recommended by the LSMS guidelines
(Grosh and Munoz 1996 and World Bank 2000)? At first glance,
SWIFT 2.0 is more cost-effective than the traditional LSMS
method because SWIFT 2.0 does not collect consumption
data from most of the sample. However, this comparison
does not consider the overall statistical accuracy of the final
poverty estimates. SWIFT 2.0 does not collect consumption
data from a large subsample of the survey but instead imputes
consumption data into the non-consumption data. Since the
imputations are not perfect, the procedure introduces a certain
level of imputation (model) error on top of potential sampling
errors. Sampling errors affect both the traditional and SWIFT
2.0 approaches, but imputation errors affect only SWIFT
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2.0. To achieve the same level of statistical accuracy as in
the traditional approach, SWIFT 2.0 needs to compensate
by requiring a larger sample than the traditional approach
— resulting in a smaller sampling error that can offset the
additional imputation errors. This implies that establishing
whether the SWIFT 2.0 approach is more cost-effective than
the traditional approach depends on how much cost SWIFT
2.0 can save by collecting only non-consumption data for the
SWIFT projections and how many more observations SWIFT
2.0 needs to collect in order to achieve the same level of
statistical accuracy as the traditional approach. This question
was raised by Fujii and van der Weide (2020) who provide a
framework to show under what circumstance SWIFT 2.0 can
be more cost-effective than the traditional approach.



Fujii and van der Weide (2020) showed that for SWIFT 2.0
to be more cost-effective, the cost of collecting the data
needed for poverty projections must be substantially cheaper
than that of collecting the full consumption data. They
constructed an example to show that if the cost of collecting
the data for the S2S projections is only six percent of that
of collecting the full consumption data, SWIFT 2.0 can save
more than 20 percent of the total survey implementation cost
while achieving the same level of statistical accuracy as the
traditional methodology (see table A.2).26 However, if the cost
of collecting the data for the S2S projections is closer to a
third of collecting the full consumption data (36 percent in their
example), SWIFT 2.0 can only save around 5 percent of the
total survey implementation cost. Thus, whether SWIFT 2.0
offers an advantage depends on how much time can be saved
by collecting only data for the SWIFT projections.?”

The question then becomes how realistic the assumption
is that the cost of collecting the data needed for the
SWIFT projection is six percent or less of collecting the full
consumption data. To impute household expenditures with the
SWIFT projection method, it often suffices to collect only 10
to 15 simple questions, most of which depend only on a yes/
no answer. Experience to date indicates that collecting such
information needs only three to five minutes per household.
This compares to the two or more hours which may be required
for collecting full consumption data. Note that Fujii and van der
Weide (2020) counted transportation costs separately from
data collection costs, so it is reasonable to assume that the
data collection cost is proportionate to the interview time. If
s0, it is not unreasonable to assume that the cost of collecting
10 to 15 questions is less than five percent of collecting the
full consumption data. Indeed, if the interview time needed to
collect full consumption is two hours, and that of collecting
the SWIFT questions is only five minutes, and if the data
collection cost is proportional to the interview time, then the
cost of collecting the SWIFT questions is only four percent of
collecting the full consumption data.

There are two more factors that influence the relative cost-
effectiveness of SWIFT 2.0 relative to a conventional
LSMS, according to Fuijii and van der Weide (2020). First,
transportation costs are important. Even if the interview
time shrinks by adopting the SWIFT 2.0 approach, if the

transportation costs are high, the relative advantage of SWIFT
2.0 is attenuated because both the traditional and SWIFT 2.0
approaches incur the same transportation costs per cluster or
enumeration area. Moreover, since SWIFT 2.0 needs a bigger
sample size to achieve the same level of statistical accuracy,
higher total transportation costs are needed, making SWIFT
2.0 less cost-effective than the traditional approach.

Recent technological innovations offer a means to reduce
transportation costs. For example, recent experiences
with high frequency phone surveys — utilized during the
COVID-19 pandemic — suggest that SWIFT questions can be
administered via phone interviews, negating all transportation
costs. Another example is Malawi's Rapid Feedback
Monitoring System (RFMS), which collects data using local
enumerators living in the communities they survey, again
resulting in negligible transportation and lodging costs. In the
simulation models by Fuijii and van der Weide (2020), if the
transportation costs are negligible, SWIFT 2.0 can save 40
percent or more of the costs of the traditional LSMS approach.

Second, if collecting the non-consumption data for the
SWIFT projections has its own objective, the marginal cost
of collecting variables needed for poverty projection declines,
making SWIFT 2.0 more attractive. A multi-topic, integrated
household survey like a LSMS survey has multiple purposes.
Estimation of monetary poverty is only one of many objectives.
Monitoring education and health outcomes, the coverage
of social assistance policies, non-monetary dimensions of
deprivation, and employment conditions are all important
facets of a multi-topic household survey. It is often the case
that the questionnaire for collecting non-monetary data
includes most of variables needed for projecting monetary
poverty. If so, the incremental cost of collecting variables for
the purpose of poverty projections becomes negligible. The
idea of using non-monetary indicators collected in a multi-topic
survey to project poverty was initially proposed in the World
Bank’s Core Welfare Indicators Questionnaire (CWIQ) survey
approach (although poverty projections using the CWIQ was
rarely implemented). However, it is also important to note that
while expanding the questionnaire to include additional non-
monetary indicators significantly reduces the marginal cost of
collecting poverty proxies, it does increase total survey costs,
and time, considerably.

26  Other conditions like cluster effects, travel costs, and imputation errors also affect the results. The formula and parameters are available in the annex.

27  Improving the statistical accuracy of imputations increases the advantage of the SWIFT 2.0.
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4.D PROJECTION BIASES DUE TO NON-NORMAL
DISTRIBUTIONS OF RESIDUALS

Astandard SWIFT methodology uses a multiple imputation (MI)
technique for imputing household expenditures.?® Ml assumes
the distribution of the residuals is normal, but this assumption
does not always hold. As long as the distribution of residuals
is symmetric, the assumption of a normal distribution does not
result in a large bias in poverty projections. However, if the
distribution is asymmetric, poverty projections based on Ml
can be highly biased. To see the effects, we develop a model
using household expenditures of Central Province (rural) of Sri
Lanka 2009/10 and impute household expenditures in Central
Province (rural) of Sri Lanka 2012/13. Figure 6 compares the
distribution of the log of household expenditure per capita in

the 2009/10 dataset with a normal distribution with the same
mean and variance as the former. The former distribution is
clearly skewed towards the left.

If we ignore the asymmetry of the distribution in the modeling
data and use a standard MI for imputing the log of household
expenditures per capita into the 2012/13 dataset, then the
distribution of imputed household expenditures is very different
from that of the actual household expenditures (see Figure
7). As a result, poverty estimates also differ. If the imputed
expenditures are used, the poverty rate of 2012/13 in rural
Central Province is 10.5 percent, which is above the 95 percent
confidence interval of the poverty estimate (7.1 percent)
calculated from the actual household expenditure.

FIGURE 6 - Distribution of (log) household expenditure per capita in Sri Lanka rural Central Province 2009-10
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Source: Authors’ estimation from Sri Lanka Household Income and Expenditure Survey 2009/10.

FIGURE 7 - Comparison in Sri Lanka rural Central Province 2012/13 between Ml imputed and actual household

expenditure 2009-10
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Source: Authors’ estimation from Sri Lanka Household Income and Expenditure Survey 2009/10 and 2012/13.

28 More precisely, we use a STATA's code “MI impute regress.”
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FIGURE 8 - Comparison in SriLanka rural Central Province between sae imputed and actual household

expenditures 2009-10
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Source: Authors’ estimation from Sri Lanka Household Income and Expenditure Survey 2012/13.

(i) Use of the ELL method

There are several ways to address the non-normality issues.
Using the ELL method, or more precisely, using a computational
package from ELL, is one of them. The ELL method was
developed by Elbers, Lanjouw, and Lanjouw (2003) and has
beenwidely usedfor S2S imputations and poverty mapping (i.e.,
estimating poverty rates at the subnational level). To produce
reliable poverty rates, the ELL method develops a model from
a household survey and imputes household expenditure or
income into a survey or population census. An open source
software, PovMap, was created by Zhao and Lanjouw (2009)
to perform this analysis. To ease the computational burden
further, a STATA code, sae, was recently developed. sae
provides STATA users the opportunity to seamlessly prepare

data and conduct imputations (see more details in Nguyen
et al. 2018). Both PovMap and sae offer a semi-parametric
estimation of the distribution of residuals, which can estimate
even an asymmetric distribution of residuals. If sae is used
for estimating the distribution of errors in the above example
of Sri Lanka Rural Central Province data, the distribution of
imputed household expenditure becomes similar to that of
the actual distribution (see Figure 8). The poverty rate based
on this approach declined to 9.6 percent although it is still
slightly above the upper-bound of the 95 percent confidence
interval of the direct estimation of 7.1 percent from the actual
household expenditure data.

(ii) Ml option of Predictive Mean Matching (PMM)

Another option is a MI technique called Predictive Mean
Matching (PMM). PMM combines the standard linear
regression and a nearest-neighbor imputation approach. The
simplest version runs an OLS regression in a training dataset
and estimates the distribution of ﬂAIO following the procedure
of a simple MI command. After obtaining random draws from
ﬁs, predicted values for all sample households in the modeling
dataset, , x, , 'ﬁs, and those of the imputation dataset, x, 'ﬁx,
are calculated. Note that unlike a standard MI command,
residuals are not added in the predicted values. Households
in the training dataset whose predicted values are close to that

of a household in the SWIFT survey dataset are then selected.
These households in the training dataset are called “donors.”
Finally, household expenditures from the donors are randomly
drawn and their average is taken as the imputed value of the
household in the SWIFT survey dataset. A special case of
this is to select only one donor whose predicted value is the
closest to that of a household in the SWIFT dataset and use
the donor’s household expenditure as the household’s imputed
value. By drawing imputed values from the modeling dataset,
PMM preserves the distribution of household expenditure or
income in the modeling dataset in the SWIFT survey dataset.
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FIGURE 9 - Comparisonin SriLanka rural central province 2012/13 between M| PMM imputed and the actual

household expenditures
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Source: Authors’ estimation from Sri Lanka Household Income and Expenditure Survey 2009/10 and 2012/13.

This makes PMM more robust than the fully parametric linear
regression approach.» Figure 9 shows a comparison between
the distribution of actual household expenditures and those
of household expenditures imputed by MI PMM. Like the
application of sae, all distributions of imputed household
expenditures are very similar to that of the actual household
expenditures. The poverty estimate calculated from the Ml
PMM methodology is 8.3 percent, which is within the 95
percent confidence interval of the direct estimation.

Ml PMM works well for a lumpy and possibly discontinuous
distribution. For example, when the SWIFT approach was used
for projecting household income from forest use in Turkey,
the first challenge was the inclusion of forest income of 0 in
the data. It was perfectly natural to see that some households

reported no income from forest use because many households
had additional income sources. In the case of the Turkey forest
survey, around 10 percent of households reported 0 income
from forest use. Besides the inclusion of 0 income for some
households, the distribution of the rest was not symmetric.
As a result, when a simple Ml commend (MI impute regress)
was used, the distribution of imputed forest income was very
different from that of actual forest income. Such a discontinuous
and asymmetric distribution could not be estimated well by
sae, but Ml PMM was able to replicate the whole distribution
accurately (Figure 10). Table 10 shows poverty rates if the
median is chosen as the poverty line. When a standard MI code
is used, the poverty rate was 55 percent, but when Ml PMM
was used, the poverty rate was 50.5 percent.

FIGURE 10 - Turkey actual forest log of income and imputations by linear regression and PMM, respectively

Total interview time (hours)

2 25

15

A

5

kdensity - log of forestry income
.0

0

-5 0 5 10
X

Actual 7th round imputation by sae

kdensity - log of forestry income

Interview time per household (hours)

.3

2

A

0

0 5 10
7th round imputation by PMM

Actual

Source: World Bank staff estimates, demonstrated using the 7th simulation round, using Turkey Forest SWIFT survey data.

29 Little, R. J. A. 1988. Missing-data adjustments in large surveys. Journal of Business and Economic Statistics 6: 287—296.
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TABLE 10 - Comparison of Ratio below median by Ml Reg & Ml PMM method for the full data

MEAN
Ratio below median income for original data 50.1%
Ratio below median for imputed data by MI 55.6%
Ratio below median for imputed data by M| PMM 50.5%

STD.ERR 95% CONFIDENCE INTERVAL
1.4% 47.3% 52.9%
2.4% 50.9% 60.4%
1.9% 46.7% 54.3%

Source: World Bank staff estimates using Turkey Forest SWIFT data.

The PMM method ensures that imputed values are plausible,
and it might be more appropriate than the regression method if
the normality assumption is violated.*®* However, we also need
to be cautious about the use of PMM. Since all values come
from the modeling data, projected values via Ml PMM cannot
be higher than the maximum value of the modeling dataset or
lower than the minimum value. If the modeling dataset is old
or a country is experiencing rapid economic growth, PMM may
introduce a downward bias.

PMM also requires deciding how many donors should be
included in imputing household expenditures. The default
setting is one nearest neighbor. The number of nearest
neighbors affects the correlation among imputations —
the smaller the number, the higher the correlation. A high
correlation in turn reduces the variability of the MI point
estimates. Including too many possible donors may, however,
result in an increased bias of the MI point estimates. Thus, the
number of nearest neighbors regulates the tradeoff between
the bias and the variance of the point estimates. The literature
does not provide a definitive recommendation on how to

choose this number in practice; see Schenker and Taylor
(1996) for some insight into this issue.

Another issue is the risk of over-fitting the distribution of the
modeling dataset. Since Ml PMM draws imputed values from
the modeling dataset, it tends to perform extremely well if the
performance is evaluated in the modeling dataset. However,
there is no guarantee that the distribution of the modeling dataset
is similar to that of the imputation dataset and thus Ml PMM'’s
ability to replicate the distribution of the modeling dataset can
be a burden for projections into the imputation dataset. Here is
an example: To compare the performance of a simple Ml and Ml
PMM, models were built using Rwanda 2013/14 EICV4 dataset
using Ml and Ml PMM and then the models imputed household
expenditures into the 2010/11 EICV3 dataset.

MI PMM’s imputations into the modeling dataset are better
than the standard MI's. The absolute difference in poverty rate
between the direct estimation and MI PMM imputations is just
0.3 percentage points while that of Ml is 1.2 percentage points.
However, when we look at the performance in the imputation

FIGURE 11 - Comparison between Ml with the Box-Cox transformation and the actual ones in Sri Lanka rural

Central Province 2012/13
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Source: Authors’ estimation from Sri Lanka Household Income and Expenditure Survey 2009/10.

30 Horton and Lipsitz 2001, p. 246
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dataset, the Ml model’s performance is better than that of Ml
PMM. The absolute difference in the poverty rate of 2011/12

between the direct estimation and Ml PMM is 2.1 percentage
points while that of Ml is 0.3 percentage points.

TABLE 11 - Comparison of cross year simulation results from regular OLS and PMM

EICV4 (MODELING DATASET)

EICV3 DATASET (IMPUTATION DATASET)

Direct estimation 39.1% 46.0%
M 40.3% (1.2%) 45.7% (0.3%)
PMM 38.8% (0.3%) 43.9% (2.1%)

Note: The number in parenthesis is the absolute difference with original poverty rate
Source: Authors’ estimations using EICV3 and 4.

(iii) Box-Cox transformation

The Box-Cox transformation is another way to address non-normality in household expenditure or income. In the case of household
expenditure data (not income data), since household expenditure data is strictly positive, the following transformation can be used:

y’l;l if1#1
yA) =49 2
logy ifA=0

where varies between -5 and 5. 4 is chosen so that the skewness of a new variable (y(4)) is zero.' After the Box-Cox transformation,
a standard MI command is run. Strictly speaking, a SWIFT approach can project household expenditures well if the source of non-
normality comes from the predicted values (Xb) rather than the residuals. In practice, the Box-Cox transformation for household
expenditure data in the modeling database works well.

Figure 11 shows the results of MI with the Box-Cox transformation using rural the Sri Lanka Central Province 2012/13 data. The
figure compares the distribution of the natural log of actual household expenditure per capita with that of imputed expenditure from
MI with the Box-Cox transformation, showing the latter fits well with the former. The poverty rate estimated from MI with the Box-
Cox transformation is 9.2 percent, which almost lies in the 95 percent confidence interval of the direct estimation.

Implications to the SWIFT approach

The existing SWIFT approach tests whether the distribution
of household expenditure or income in the modeling dataset
is log-normal and, if that is not the case, carries out sae,
Ml PMM, or MI with the Box-Cox transformation. Poverty
projections into the projection dataset are only made after
the imputed distribution fits well with the actual household
expenditure or income distribution in the modeling dataset.
If two rounds of comparable household expenditure data are
available, backward imputation is used to detect over-fitting of

the distribution in the modeling data, though such a test does
not guarantee that the distribution of household expenditure
or income is similar between the training data and a SWIFT
dataset (which is collected after the training dataset was
collected), even if the distribution of household expenditure or
income is similar in the last two rounds of data. Ideally, SWIFT
2.0 or RCS needs to be carried out to address the model
stability in coefficients and distribution shapes fully.

31 Since household income data can take 0 or negative numbers, the above-mentioned Box-Cox transformation cannot be used. Instead, a different version of the Box-Cox

transformation, as explained in Equation (2) in Box and Cox (1964) can be used.
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4.E THE APPLICATION OF MACHINE LEARNING TECHNIQUES

Machine Learning (ML) techniques have been widely used
to elicit valuable information from big data. ML has two main
approaches: supervised and non-supervised. In this section
we will focus only on the supervised ML approach, as it has
many similarities to survey-to-survey imputation techniques,
including SWIFT.®2 The supervised ML approach uses a
training dataset to develop a prediction algorithm, with which it
predicts a target indicator in the testing dataset. The framework
is almost identical to survey-to-survey imputation techniques.
The supervised ML approach has some technical advantages
over traditional survey-to-survey imputation techniques. For
example, the supervised ML approach introduces cross-
validation to avoid the over-fitting issue, which is already
adopted by the existing SWIFT methodology.

That being said, there are many other aspects of the
supervised ML approach which can be introduced to the
SWIFT methodology. For example, model selection in the
existing SWIFT methodology uses a stepwise approach
for variable selection and the estimation of coefficients
(conducting OLS and selecting variables whose coefficients
are significant at a level specified by the cross-validation). The
stepwise approach has been used frequently by economists
but has some well-known drawbacks, such as vulnerability
to small sample issues like multicollinearity and over-fitting.

The existing SWIFT methodology also has some limitations in
introducing nonlinearity in the model prediction.

SWIFT has already incorporated some procedures to minimize
these risks, like cross-validation and careful evaluation of
datasets. Additionally, if the types of nonlinearity are known
in advance, SWIFT models can incorporate them by including
higher orders of variables and some interactions of variables.
However, this is often done in an ad hoc manner and,
depending on who developed the model, the treatments can
differ.

On the other hand, some ML algorithms are known to address
multicollinearity and unknown nonlinearity in a mechanical
manner. For example, a Ridge regression, which is one type
of ML algorithm, can address multicollinearity well. Random
Forest, another ML algorithm, can also introduce nonlinearity
empirically.

The objectives of this subsection are not to explore all possible
ML algorithms, but to study the pros and cons of two major groups
of ML algorithms that are frequently used — (i) Regularized
regression approaches and (ii) Random Forest — and to
propose possible modifications to overcome their limitations
based on a recent study, Yoshimura and Yoshida (2019).3

32 Non-supervised ML typically refers to a diverse set of multivariate data mining tools such as cluster analysis, multidimensional scaling, principal component analysis, and
neural networks, where the focus is exploratory data analysis to detect hidden patterns in the data.

33 Also, this report does not aim to show what methodologies work best under what circumstances. Instead, it aims to show some issues of applying ML methods for pover-

ty and inequality projections and how to overcome them.
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Regulariged regression approaches

Regularized regression approaches are those which impose regularization on coefficients when minimizing the loss function. In
the normal linear regression with observations and predictors, the dependent variable could be written as:

y=Xp +¢

where y=(y,y,.....y ), X=(x,x,,..., xp) is the nxp matrix, and ¢ is the error term. In the case of p<n, the coefficients f=(f,
B, ...,ﬁp) can be estimated by minimizing the loss function,

LB)=(y-Xp)" (- Xp)

which leads to the ordinary least squares (OLS) estimator. However, in the cases of p>n, the above approach does not work, and
instead the regularized least squares estimator can be used,

B. = argminl (y - XB) (v~ XB) + ps(B)]

where p/l(ﬂA) is a regularization function, shrinking parameter estimates towards zero. Several useful forms of p/l(ﬁA) are known,
leading to different regularized estimators. Some popular forms include Ridge, pa(8) =2X;_, 87, or simply AlIBI|%; Lasso,
pa(B) = AXF_, |B;*|, or simply Al|811; and Elastic Net, pa(8) = 44|IBI| + 2211811%. It is known that the Ridge penalty also adds robustness
to the multicollinearity but does not reduce variables, while Lasso enables the reduction of the predictors but is vulnerable to
multicollinearity. The Elastic Net approach balances between the Ridge and Lasso approaches.

Random Forest

Random Forest is an ensemble learning method in machine learning techniques and is probably one of the most popular algorithms
used in the application of ML. As stated above, ML makes predictions on a big data set based on computational algorithms which
by themselves construct the model, learning from the data. When the prediction is about discrete data, classification becomes
a problem, while when prediction is about continuous variables, regression becomes a problem. The models constructed by
algorithms in ML are often referred to as a classifier or a learner. In ML, the data is typically split into a training set, from which the
algorithm learns the model, and a testing set, to which the model constructed by the algorithm is applied. Ensemble learning is one
of numerous ML methods and is characterized by an approach to predict explanatory variables at higher accuracy.

Atypical example of ensemble learning is bagging. A bagging algorithm consists of three main steps. Given a vector of observations
Y=(y,y,....y,)" and set of explanatory variables as a matrix X=(x ,x,,..., xp), wherex=(x ,x,,..., x )fori= 1, 2, ..., p, bagging
works as follows:

1. n training examples are randomly sampled from X and Y, allowing for replacement, so that some portion of the data remains
excluded from the training set. Based on data from these samples, the model of classification or regression is constructed,
which works as a learner ¢

2. Repeat Step 1 b times to get a weak learner ?, where j=1,2, ..., b

3. ¢,are applied to a test set. This test set consists of that data which was not used in a training set in Step 1 and is often referred
to as “out-of-bag” (OOB) data. The final prediction is then made by a strong learner f, which averages the predictions from all
the weak learners ¢,-;

b
1
FOO =3 ¢
=
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Averaging the weak learners is done by either taking the
mean of values predicted in the case of a regression or by
taking the majority vote in the case of classification. The
difference between the predicted and actual values in OOB
data is referred to as an OOB error and is used for the model
selection later on.

A classification and regression tree (CART) is one popular
method used as a weak learner. CART is an approach for
predicting or classifying variables Y by repeatedly partitioning
the data according to certain values of explanatory variables
X. It is called a “tree” because the partitioning of the data
is often depicted as a tree-like structure, as exemplified in
Figure 12. The figure illustrates the results of CART using
the famous data set Iris, contained in the R software. Iris
includes the length and width of the sepal and petal of three
different species of iris: setosa, versicolor, and virginica.
In this example, the objective of the model is to classify the
species of iris according to the information on its sepal and
petal. The CART results consist of nodes which determine the
threshold value of X to split the data and branches growing
out of the nodes. The algorithm tries to detect these X values
at the branch point so that the subset of y, grouped at the
terminal of the node, becomes homogeneous. In this case, 1.9
for the Petal Length, 1.7 for the Petal Width, and 4.8 for the

FIGURE 12 - Example of CART*

Petal.Length

Petal Length are the thresholds detected by the algorithm. As
shown in Figure 12, node 1 managed to distinguish the group
setosa, node 3 virginica, and node 4 versicolor. Although this
is an example of classification, CART can also be used to
predict the continuous variables using explanatory variables,
which is implemented by a regression tree. Unlike the normal
linear regression analysis, the regression tree succeeds in
capturing the nonlinear relationship between X and Y, as it
does not assume any linear relationship between variables
when searching for the branch points of the tree.

Random Forest is an extended approach of bagging which
uses CART as a weak learner. Random forest improves
the accuracy of the prediction by making predictions from
an ensemble of the results from CART trees, which is why
it is called a “forest.” Random Forest is often used not only
for predicting Y values, but also for detecting X variables
which affect Y. However, Random Forest is different from
usual bagging, in that when sampling the training data for
constructing trees, it randomly selects a subset of explanatory
variables instead of using all X=(x ,x,,..., xp). This random
selection of variables reduces the risk of multicollinearity and
the use of CART introduces a flexible functional form which
can capture unknown nonlinearity in the relationship between
Y and X.
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34 Library partykit was used to draw this figure
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Issues to be dealt with when applying ML for poverty

measurement

In a typical SWIFT problem setting, there is full consumption
and non-consumption data in year 0 to be used as a modeling
dataset and only non-consumption data in year 1 to be used
as an imputation dataset. A ML method like a regularized
regression approach or Random Forest can be used for
the dataset in year O to create the models, which can then
be applied to project consumption in year 1. However, the
simple application of ML described above does not work for
calculating the poverty measures such as the poverty rate or
mean income for the bottom 40 percent.

Figure 13 shows what will happen when a regularized
regression approach is simply applied (which is an Elastic Net
approach in this case) and what will happen when a Random
Forest approach is taken, using Uganda consumption data
(Uganda National Household Survey (UNHS) 2009/10 as

FIGURE 13 - Comparison between SWIFT and MLs

1.0

0.8

the modeling dataset and UNHS 2012/13 as the imputation
dataset). The black line shows the distribution of the log of
actual consumption and the blue line depicts the distribution
of consumption imputed by the standard SWIFT model.
Compared with these two distributions, those of Elastic Net
and Random Forest are much narrower. This is because in
the above process, ML produces a model prediction (X/) and
does not take into account the residual term (¢). However, if
the distribution of household expenditure or income needs to
be predicted, which is the case if the goal is to calculate the
poverty rate or mean income for bottom 40 percent, the residual
term must be integrated into the ML prediction; otherwise,
the distribution predicted by ML severely underestimates the
variance of household expenditure or income and thus the
calculated poverty measure will deviate from the true value
significantly.

True

Traditional SWIFT
Lasso

Random Forest

" 12 13 14

log (concumption)

Source: Authors’ estimations using UNHS 2009/10 and 2012/13.

44 >>> THE CONCEPT AND EMPIRICAL EVIDENCE OF SWIFT METHODOLOGY



Multiple imputation

Unlike a ML method, SWIFT and other S2S methods impute household expenditure or income by estimating the point estimate
(X/) and drawing a residual (¢) randomly following the multiple imputation (MI) method. In the case of a normal linear regression,

the MI procedure can be described as follows.

Consider a univariate variable x=(x],x2,..., xn) with p variables Z=(z1,z2,..., zp) that follows a normal linear regression model:

xlz,~ N(ziB,0®)  (2)

Let Z, denote the observed components of Z and Z denote the missing components.

1. Fita regression model (2) to the observed data (x,, Z,) to obtain estimates $ and ¢” of the model parameters.

2. Simulate new parameters /3, and &7, from their joint posterior distribution;

o? ~ 6%(ng — q)/X%O—q

B.lo? ~ N{B,02(Z4Z,)~'}

3. Obtain one set of imputed values, X%, by simulating from N(Z,,,8., 62L,1xn1)

4. Repeat Steps 2 and 3 to obtain M sets of imputed values, X%, X2, ..., XX

Combining regulariged regression approaches with Ml

To overcome bias due to ML prediction, we propose integrating
ML with MI following Deng, et al. (2016). The first step of Ml
described above can easily be done with the regularized
regression approaches. However, Step 2 presents some
issues. Let O be the unknown model parameters, in this case
0=(p,0). When the penalty approaches are used, it is not
easy to mathematically derive the distribution f(01Z ) as
done in Step 2. Therefore, it is required that the distribution of
6 is somehow obtained empirically, which could be done by
bootstrapping data, as follows:

1. Generate a bootstrap data set Z of size n by randomly
drawing observations from Z with replacement.

2, Use a regularized regression method to fit the model
Z, ,=Z,6 ,+¢ based on the Z , and obtain parameter
estimate @, noting that 9 can be considered a random
draw from f(01Z ).

3. Impute Z , with Z by drawing randomly from the
predictive distribution f(ZmJIZ ), which in this case
is N(Z p,o%I).

m,-1’

Repeat the above procedure M times to obtain M imputed
datasets.
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Combining Random Forest with Ml

Random Forest can be integrated with Ml in a similar way, but
in this case S is not obtained, but rather E(Y | X[,...,Xp)35.
The procedure looks as follows (Shah et al., 2013).

1. Generate a bootstrap data set Z of size n by randomly
drawing n observations from Z with replacement.

Significant Improvements

2. Standard Random Forest is applied to (Z ,Z ), which
gives E(Y | X,,....X ).
3. Missing Y values are imputed by taking a normal draw

centered on E(Y| X],...,Xp) and residual variance is
equal to the out-of-bag mean square error.

By using a bootstrap data set, it is possible to combine ML
with MI. Figure 14 shows the distributions of consumption
imputed by standard SWIFT, Elastic Net combined with Ml
(EN+MI), and Random Forest combined with MI (RF+Ml).
The figure shows that the performance of the regularized
regression approach, which here is Elastic Net, and that of
Random Forest improved greatly because they managed to
properly take into account the error term. Although it is difficult
to say which methodology fits the best just from this graph,
as some methods are good at capturing the lower tail, while

FIGURE 14 - Comparison between different methods -

0.8

others perform well at the upper end of the distribution. To
grasp the overall performance of a methodology, the absolute
gaps between the true poverty rate and the predicted one
are calculated by moving the poverty line from the 1 percent
quantile of the distribution to 100 percent, in increments of 1
percent. Figure 15 shows the gaps. It shows the mean and
maximum absolute differences between the true and predicted
poverty rates. In this example, RF+M| seems to outperform
both EN+MI and SWIFT methodologies.

SWIFT and ML+MI

True

Traditional SWIFT
Elastic Net + M|
Random Forest + M

log (concumption)

Source: Authors’ estimations using UNHS 2009/10 and 2012/13.

35
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FIGURE 15 - Performance of SWIFT and ML+MI
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Nevertheless, there remains an issue with the regularized
regression approaches and Random Forest. One of the key
advantages of SWIFT methods over traditional data collection
is that SWIFT needs to collect only 10 — 15 questions.
However, in the new ML+MI approaches described above,
there is no explicit process of variable selection. In the
regularized regression approaches, for instance, if EN+MI is
used, the number of variables selected will be reduced in each
bootstrapped dataset, but the group of variables selected is
slightly different across different bootstrapped data, so the
process as a whole does not reduce the number of variables
required. In the RF+MI algorithm, there is also no variable
reduction in the end. As a result, if ML+MI is adopted, many
questions need to be collected, which increases interview time
and survey implementation cost significantly.

One possible solution for regularized regression approaches is
to conduct some statistical tests based on the coefficients. After
applying a regularized regression on the bootstrapped data,
the distribution of coefficients» is obtained for each predictor.
Then, only those variables with coefficients with a 95 percent
confidence interval that does not contain 0 can be selected.
Figure 16 compares the performance of the unconditional
EN +MI and one with variable selection conducted in the way
described above. In this case, the unconditional EN +MI uses
all 55 variables, while the EN + Ml with variable selection uses
only 22 variables. Interestingly, as shown in both graphs, the
performance of EN+MI with the variable section is slightly
better than the unconditional EN+MI.

36 For Lasso and Elastic Net, 0 will be assigned to those coefficients which were not selected.
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FIGURE 16 - EN+MI with variable selection
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For Random Forest, different algorithms are proposed for variable selection using information on variable importance, which can
be calculated in Random Forest. A frequently used indicator to measure the importance of variables is permutation importance
(P1), which measures how much the accuracy of the prediction will worsen if a particular X variable is randomly permuted.
Formally, the variable importance (VI) of a specific predictor X, calculated from tree ¢, witht=1,2, ..., T, can be written as follows;

VIt (X)) = LO9Y) — LGS, 9t

where y’, $’, and 9! are the observed actual y value, the predicted y value in tree ¢, and the predicted X value for tree after
the permutation of , respectively. L ( ) is a loss function, which calculates the error between the actual and predicted values. The
misclassification rate, or gini impurity, is often used as a loss function for classification cases, while the mean squared error is used for
regression cases. The importance of variable X is finally computed by averaging VI'( xj) across all trees;

T
1
vi(x;) = TZ VI'(X))
t=1

Using the above variable importance, variables can be ranked in order of the importance in relation to the dependent variable.
Several methodologies have been proposed to systematically select variables based on this ranking,* but here, we show the results
of the simplest approach, in which the top 10 or 20 variables from that ranking are picked up and their performances are compared.
Figure 17 illustrates a comparison between the normal RF+MI, RF+MI with top 10 variables, and RF+MI with top 20 variables.

Again, the performance of RF+MI with variable selection is better than the unconditional RF+MI. This is encouraging when
considering the application of this algorithm for the SWIFT program, as this result implies that only part of the variables are needed
in order to get reliable estimates of poverty and other distributional statistics. In this specific case (Uganda 2009 and 2012), the
RF+MI with 20 variables is the best among all other methodologies, with an average gap between the true poverty rate of 0.009
and a maximum gap of 0.018 — which is a significant improvement from the original SWIFT approach.

37 One popular algorithm for selecting variables using variable importance is VSURF, calculated by Random Forest (Genuer, Poggi and Tuleau-Malot, 2015), and can be
implemented in R software.
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FIGURE 17 - Comparison of RF+MI with variable selections
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Address non-normality
Although the approaches described above appear promising, distribution of residuals with ML-based modeling. Instead,
we are still assuming that the distribution of household a potential solution is to adopt the Box-Cox transformation
expenditure or income is log normal. However, as discussed approach, where the basic idea is to first transform the
before, the income or expenditure distribution is not always distribution of household expenditure or income to a normal
log normal. It is not easy to adopt an approach like ELL with distribution using a Box-Cox transformation and then conduct
ML, which requires the integration of estimating a non-normal ML+MI with the variable selection procedure.
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Further research topics

This report introduces the results of experiences, lessons, and knowledge acquired during
the implementation of the SWIFT program. Results show that it is useful to apply the SWIFT
approach for quick and cost-effective poverty monitoring. However, there are many potential
improvements to the methodology to increase reliability. This section discusses the possibilities.

Exploring other ML methods

In the above examples, we use the regularized regression approaches and Random Forest,
both of which are very popular machine learning algorithms. However, there exist other powerful
approaches, such as using a support vector machine or neural network. There is some research
on using these tools for imputing missing data.®® It would be interesting to measure poverty with
these novel methods, using not only the traditional sets of explanatory variables, but also image
data, such as satellite image or pictures of houses taken by drones.

Bayesian Framework

In the previous section, we introduced the penalty approach combined with MI as a powerful
algorithm for poverty measurement. This method can be further sophisticated using the
Bayesian framework. It is known that the regularized regression approaches in Frequentist
models are analogous to Bayesian models incorporating certain prior distributions for regression
parameters. For instance, a Ridge regression is equivalent to imposing zero-mean Gaussian
prior distributions for regression coefficients, while a Lasso penalty corresponds to the use of
the zero-mean Laplacian prior distributions for coefficients in the normal linear regression model.
The prior distributions which can be regarded as a counterpart for Elastic Net are also proposed
in a way to combine the characteristics of both the Gaussian and Laplacian distributions.

38 See for instance, (Bertsimas, Pawlowski and Zhuo, 2018)

39 See (Yang, Dunson and Banks, 2011)
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The process of multiple imputation can be essentially regarded
as Bayesian, as it tries to obtain imputations by simulating
a Bayesian posterior predictive distribution under the prior
distribution. When the noninformative uniform distribution is
used as a prior distribution, the Bayesian and Frequentist
methods coincide; but we can also choose to use the
informative prior, such as a double-exponential distribution,
which leads to the Bayesian Lasso multiple imputation.

When combining machine learning approaches with M,
we implement bootstrapping to obtain f{01Z , ), but in the
Bayesian approach, we can use Markov chain Monte Carlo
(MCMC) to obtain a valid posterior distribution of 8. Therefore,
the whole process becomes more coherent under the
Bayesian framework and in fact, this Bayesian regularized

Transfer Learning

multiple imputation has been reported to perform better than
the normal multiple imputation.“°

However, there are also some potential challenges in using
this approach for poverty measurement. First, variable
selection and imputation are done simultaneously in this
approach.*' Therefore, the Bayesian framework would be
difficult to use in the standard SWIFT framework — where the
reduction of explanatory variables is an indispensable part
of the process — but it could be used in SWIFT 2.0, where
explicit variable selection is not needed. Secondly, although
MCMC is a powerful way to obtain the empirical distribution, it
is notorious for being computationally very expensive as well
as not feasible depending on the data size.*? Further work to
develop efficient algorithms will be required.

In SWIFT, no matter which methodologies are used, it is
assumed that the training and future data have the same sets
of predictors (X) and the same distribution for X. However,
there are times when this assumption does not hold. For
instance, let's say in year , consumption data was collected
from households representing the entire population and in
year t+1, non-consumption data was collected only from
representatives of fishermen. What if we want to predict
consumption for fishermen from the training data which
represents people of all categories? In this case, is problematic
to use a model directly constructed from year ¢ data for year
t+ 1, because the characteristics of the sample may be very
different. Transfer learning could be the ideal solution for this
type of issue.

Transfer learning is a set of techniques used to transfer the
knowledge gained from one domain of interest to the another
which has a different feature space or different data distribution.
To ease comprehension, the following clarifies some language
and notation. A domain D consists of two components: a

40 See (Zhao and Long, 2013) and (Lang, 2015)

feature®® space X={x, ..., x } and a marginal probability
distribution P(X). Given a specific domain, D={X,P(X)}, a
task T consists of two components: a label* space Y and a
predictive function P(ylx). The domain from which we derive
the knowledge is called the source domain and the one to
which we transfer the knowledge is called the target domain.
Transfer learning can be classified into several different
categories, but here we introduce only two types, which could
have significant implications for the improvement for SWIFT.4

1. Inductive transfer learning (ITL)

Given a source domain D, and a learning task T, a target
domain D and a learning task T, ITL aims to improve the
learning of the target predictive function f() in D, using the
knowledge in DS and TS, where Ts # T,. In other words, this
applies when we have set of (X, Y) for both source domain
and target domain, but we know that it is highly likely that
P (ylx) in the source domain and P, (ylx) are different.
Practically speaking, this could be used combined with SWIFT

41 This issue can possibly be solved by conducting a separate exercise of variable selection using a Bayesian approach such as Gibbs variable selection, stochastic vari-

able selection, or reversible jump MCMC (O’hara and Mikko, 2009).

42 This issue can possibly be addressed by recent improvements on the MCMC, including Hamiltonian Monte Carlo (HMC) methods which use geometric information to

increase the sampling efficiency of algorithms (Neal et al. 2011).
43  ltis equivalent to the concept of explanatory variables in econometric terms.
44 ltis equivalent to the concept of the dependent variable in econometric terms.

45  For details, see (Pan and Yang, 2009)
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2.0 to improve the accuracy of poverty measurement. For
instance, say we have complete consumption data for 2017
but a significant economic crisis occurred in 2018, making the
validity of the model constructed from 2017 data doubtful. If
we then try to implement SWIFT 2.0 in 2019, we could develop
the model solely from the 2019 data, but still make use of rich
information from the 2017 data to improve the accuracy of the
2019 data using ITL techniques, despite the possible change
in the underlying model structure.

2. Transductive transfer learning (TTL)

Given a source domain D and a corresponding learning task
T, a target domain D, and a corresponding learning task
T,, TTL aims to improve the learning of the target predictive
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function PT (ylx) in DT using the knowledge in DS and T, ,
where D, # D_and T, = T,. This approach fits well in the
example for fishermen described above, where we try to
predict consumption for a group which has a different P(X)
from the population where the model was developed.

The World Bank is currently preparing a globally harmonized
database, the Global Monitoring Database (GMD), which
includes more than 1,000 household surveys. This database
allows us to apply ITL or TTL to create a reliable model, which
could not be created using only one household survey. The
first version of GMD will be ready by the end of June 2023 and
research on ITL and TTL is being undertaken in collaboration
with ML experts at Osaka University in Japan.
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Concluding Remarks

This report assesses the poverty projection methods used and developed in the SWIFT
program. It includes a wide variety of empirical evidence on the reliability of the SWIFT methods
recommended in the SWIFT guideline (Yoshida et al. 2015) for monitoring poverty statistics using
the tests proposed by Christiaensen et al. (2012) and Sohnesen (2015). It also lists some technical
challenges of the original approach while proposing new methodologies like SWIFT Plus and
SWIFT 2.0, which have been shown to overcome these challenges with some empirical evidence.

Lessons Learned

SWIFT’s model fitness is high, and poverty projections are close to the true values in many
modeling databases (see Appendix A). However, a challenge for the SWIFT method is the
assumption of model stability over time. This report shows a wide variety of empirical evidence
proving that model stability holds in many cases.

This report also discusses two solutions to address the model stability concern (SWIFT Plus and
SWIFT 2.0), shares the recent experiences of SWIFT Plus and SWIFT 2.0, and examines the
pros and cons of these methods. While these approaches are promising, the implementation,
particularly for SWIFT 2.0, is significantly more costly and complex than the standard SWIFT
approach.

This report also discusses how to deal with situations where the distribution of household
expenditure is not normal by using the Box-Cox transformation, PMM, and ELL.

Lastly, this report explores how recent developments in Machine Learning and Atrtificial
Intelligence can be used to improve poverty projections. It explains why the direct use of ML is
problematic and how it should be modified. With several modifications — integration with Ml and
additional variable selections — ML has the potential to improve poverty projections, although
further research is necessary.
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Future work for the SWIFT program

This report shows how well SWIFT methods can estimate
poverty statistics, but the sample of data used for the
performance evaluation is still small. Due to the incomparability
of household surveys over time, it is not easy to examine
the performance of SWIFT methods. The World Bank is
now creating a global harmonized database with detailed
information on the comparability of surveys. This dataset, the
Global Monitoring Database, can facilitate a more systematic
and comprehensive assessment of model stability.

This report does not include the evaluation of the performance
of SWIFT in estimating inequality and profiling the poor.
Analysis of the SWIFT methodology’s capabilities in these two
areas is currently underway by the SWIFT team and Yoshida
et al. (2022) include some encouraging results of empirical
evaluations. A more systematic assessment of the estimation
of inequality and profiling of the poor needs to be conducted.

Although SWIFT has been used for more than 100 surveys in
over 50 countries, the data and metadata are not yet available
to the public. The SWIFT team plans to prepare the metadata
of surveys and survey data in the World Bank microdata library.

The analysis in this paper raises a new research question:
why do S2S methods work so well? This paper shows that
when household survey datasets are clearly comparable, S2S
and SWIFT projections perform well. Every country has many

ongoing policy interventions, weather and economic shocks,
and large investment projects, which could theoretically break
model stability and bias S2S and SWIFT projections — but
so long as household survey data is comparable, S2S and
SWIFT projections do not produce large biases. There are
many arguments on when and why S2S should not work, but
research on why and when S2S does work is limited. After
observing many successful cases for S2S and SWIFT, we
now need to explore why it works based on more rigorous
statistical analysis, perhaps in line with the research done by
Stifel and Christiaensen (2007).

Finally, the use of ML opens new opportunities for monitoring
the Sustainable Development Goals (SDG) as a whole. For
poverty projections, we have an idea of the functional forms
and key variables, helping us to identify new models for a new
dataset. However, for other SDG indicators, our knowledge
on functional forms and variables is limited. ML introduces
a mechanical search for variables and functional forms,
which will aid our S2S projections for other variables. Other
algorithms and new concepts, like transfer learning, will help
us expand the use of S2S in other aspects of SDG monitoring.
The SWIFT team has initiated conversations with other GP
colleagues to explore the use of ML for monitoring indicators
other than poverty and inequality measures.
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Appendix

Appendix A.
Examples of the performance of SWIFT estimations - in sample.

ACTUAL PREDICTED
CONTINENT COUNTRY REGION POVERTY POVERTY SFFSF(EII;LI;;EE QWSI;/I' F(I:IIN ig:XEY
RATE RATE °

Rural Eastern region 34.57% 34.89% 0.32% Yes 2011
Rural Central region 42.50% 38.90% 3.60% Yes 2011
Rural South Western 47.20% 46.30% 0.90% Yes 20M
Rural Inland Western 10.20% 11.90% 1.70% Yes 201
Rural Hagaribag region 42.10% 40.20% 1.90% Yes 2011
Rural Ranchi region 38.90% 38.00% 0.90% Yes 20M
Rural Varanasi district 21.21% 21.72% 0.51% Yes 2011
Rural Mirgapur district 31.63% 33.45% 1.82% Yes 20M
Rural Sonbhadra district  43.46% 42.61% 0.85% Yes 2011
Rural Barwani district 39.30% 40.70% 1.40% Yes 201
Rural Kolhapur district 4.50% 7.40% 2.90% Yes 20M

India
Rural Hardoi district 33.60% 33.50% 0.10% Yes 2011
Rural Madhya Pradesh 35.70% 37.00% 1.30% Yes 20M
Punjab 8.23% 9.53% 1.30% Yes 20M

South Asia

Uttarakhand 11.40% 13.50% 2.10% Yes 20M
Haryana 11.23% 11.23% 0.00% Yes 201
Uttar Pradesh 29.50% 29.53% 0.03% Yes 2011
Maharashtra 17.31% 19.03% 1.72% Yes 20M
Andhra Pradesh 9.27% 10.04% 0.78% Yes 2011
Karnataka 21.18% 20.97% 0.21% Yes 201
Kerala 8.08% 8.98% 0.90% Yes 20M
Tamil Nadu M.71% 12.51% 0.80% Yes 20M
national (excluding
Helmand and Khost 38.30% 37.60% 0.70% Yes 20M
provinces)

Afghanistan
national (excluding
Helmand and Khost 54.50% 52.00% 2.50% No 2016
provinces)
Urban 5.30% 5.245% 0.06% Yes 2009

Sri Lanka
Rural 9.39% 9.07% 0.32% Yes 2009
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ACTUAL PREDICTED

ABSOLUTE WITHIN SURVEY

CONTINENT COUNTRY REGION POVERTY POVERTY o
RATE RATE DIFFERENCE 95% ClI YEAR
Freetown 22.80% 22.00% 0.79% Yes 2018
Sierra Leone other urban 49.30% 48.70% 0.63% Yes 2018
rural 73.90% 73.90% 0.01% Yes 2018
national 46.03% 46.86% 0.83% Yes 2010
Rwanda
Sub- national 3912% 40.30% 118% Yes 2013
Saharan
Africa Southernand Western g5 /g5 83.72% 0.26% Yes 2015
Zambia regon
Central region 65.16% 66.45% 1.29% Yes 2015
Céte d'lvoire Abidjan and surrounding 5, 57 24 L% 0.14% Yes 2015
areas
Mali Sikasso and Segou 57.02% 55.72% 1.30% Yes 2014
Metropolitan 13.10% 12.98% 012% Yes 2015
Middle East
& North Egypt Upper Urban 2813% 28.65% 0.52% Yes 2015
Africa
Upper Rural 58.81% 58.07% 0.74% Yes 2015
Latin
America & Costa Rica Coastal Areas 27.79% 27.51% 0.28% Yes 2017
Caribbean
Europe & Urban 13.96% 14.58% 0.62% Yes 2012
Central Romania
Asia Rural 31.09% 31.20% 0.11% Yes 2012
East Asia & Central Highlands 30.40% 31.82% 1.42% Yes 2014
Pacifi Vietnam
actie North and Midland areas ~ 37.07% 37.83% 0.75% Yes 2014
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Appendix B.

Summary statistics of Afghanistan 2011/12 and 2016/17

2011-12 2016-17
| MEAN | MEAN
Dwelling Type
Dwelling Type: Single Family House 20804 714% 19810 71.8%
Dwelling Type: Part of a Shared House 20804 21.8% 19810 22.4%
Dwelling Type: Apartment 20804 1.0% 19810 0.4%
Dwelling Type: Tent 20804 4.0% 19810 4.4%
Dwelling Type: Temporary Shelter/Shack 20804 1.9% 19810 1.0%
Dwelling Type: Others 20804 0.2% 19810 0.1%
Type of Wall
Wall: Fired brick/stone 20804 7.6% 19793 10.1%
Wall: Concrete 20804 2.8% 19793 3.9%
Wall: Mud bricks/mud 20804 84.8% 19793 80.9%
Wall: Others 20804 0.9% 19793 0.7%
Type of Floor
Floor: Dirt/Earth 20804 811% 19663 78.7%
Floor: Concrete/tile 20804 13.9% 19663 16.5%
Floor: Other 20804 1.0% 19663 0.3%
Type of Kitchen
kitchen: It is a separate room in dwelling 20751 43.2% 19711 31.3%
kitchen: It is a part of the room in dwelling (part of tent) 20751 9.5% 19711 13.8%
kitchen: Cooking is done in a separate room outside of dwelling 20751 27.5% 19711 34.8%
kitchen: Cooking is done in the open 20751 17.7% 19711 18.9%
kitchen: Others 20751 2% 19711 1%
Type of Cooking fuel used

Cooking fuel==Gas/Electricity 20804 19.9% 19797 25.2%
Cooking fuel==Firewood 20804 25.1% 19797 20.0%
Cooking fuel==Charcoal/coal/kerosene 20804 0.4% 19797 0.5%
S::I:i:glf;l:il::Animal dung/bushes/crop residue/straw/no 50804 54,79 19797 54.3%
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201112 2016-17
N MEAN N MEAN
Source of Heating
Heating Source: No heating 20804 1.4% 19797 2.1%
Heating Source: Straw, bushes/twigs, manure 20804 40.7% 19797 38.8%
Heating Source: Firewood 20804 44.0% 19797 391%
Heating Source: Crop residue 20804 11% 19797 3.8%
Heating Source: Charcoal, coal 20804 8.6% 19797 11.5%
Heating Source: Gas 20804 1.8% 19797 31%
Heating Source: Electricity 20804 0.8% 19797 1.0%
Heating Source: Others 20804 1.7% 19797 0.7%
Type of toilet
Flush/improved toilet 20799 8.4% 19791 20.0%
toilet==Tradition covered latrine 20799 57.5% 19791 33.4%
toilet==Open Pit 20799 19.1% 19791 29.5%
toilet==Dearan or no toilet 20799 14.9% 19791 13.6%
toilet==Others 20799 0.1% 19791 3.5%
Primary source of drinking water
Water source==pipe 20781 9.3% 19673 15.7%
gg::ts::;:ii:::ore-hole/pump/tube well, protected well, 20781 60.4% 19673 461%
:letlter source==Rain water, tanker, unprotected well or spring, 50781 30.3% 19673 38.3%
Type and source of electricity
Public Grid 20804 26.1% 19825 30.9%
Government Generator 20804 0.9% 19800 0.2%
Private Generator (Engine) 20804 4.0% 19805 1.4%
Private Generator (Hydro) 20804 2.2% 19802 1.0%
Community Generator (Engine) 20804 2.8% 19805 0.5%
Community Generator (Hydro) 20804 7.0% 19803 6.7%
Solar 20804 21.7% 19819 59.4%
Wind 20804 0.5% 19796 0.5%
Battery 20804 10.2% 19793 10.8%
Space
Number of rooms 20760 31 19714 32
overcrowding (Household sige/Number of rooms) 20760 3.4 19714 3.4
Household Head

HH owns Agricultural land 20804 47.9% 19833 54.7%
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201112 2016-17
N MEAN N MEAN
HH owns the following livestock
Cattle 20804 431% 19833 43.2%
Oxen 20804 9.6% 19833 8.3%
Horses 20804 2.6% 19833 1.9%
Donkeys 20804 27.6% 19833 26.4%
Camels 20804 2.8% 19833 2%
Goats 20804 30.2% 19833 25.1%
Sheep 20804 32.2% 19833 281%
Chickens 20804 47.2% 19833 45.4%
Other type of birds 20804 7% 19833 5.5%
HH owns the following assets
Refrigerator 20804 12.0% 19833 16.3%
Stove 20804 64.7% 19833 78.9%
Sewing Machine 20804 63.7% 19833 64.6%
Iron 20804 56.7% 19833 63.7%
Radio 20804 571% 19833 30.9%
TV 20804 34.9% 19833 42.3%
Motorcycle 20804 23.8% 19833 32.1%
Car 20804 12.5% 19833 14.6%
Tractor 20804 1.9% 19833 2.6%
Carpets 20804 17.8% 19833 17.2%
Blankets 20804 99.6% 19833 99.6%
Anyone in the household uses internet 20804 2.4% 19833 11.0%
Household Head's Characteristics
Age of the household head 20804 437 19833 448
HH head is literate 20784 35.2% 19821 35.9%
Education Level: No education 20804 69.8% 19811 69.2%
Education Level: Primary education 20804 7.6% 1981 8.3%
Education Level: Lower secondary 20804 6.0% 19811 6.2%
Education Level Upper secondary 20804 1.7% 19811 9.7%
Education Level: Teacher/technical college or university 20804 4.9% 19811 6.6%
Household Characteristics

Average years of education in the household 20804 2.2 19824 2.4
Household sige 20804 8.9 19833 9.2
Dependency Ratio 20804 50.9% 19833 50.4%
Proportion of female members in the household 20804 48.6% 19833 49.0%
HH consume/buy meals outside of home 20804 25.7% 19833 21.8%
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2011-12 2016-17
N MEAN N MEAN
Season
season: Spring 20804 23.9% 19833 24.5%
season2: Summer 20804 26.2% 19833 25.5%
season3: Auturan 20804 23.7% 19833 25.4%
season4: winter 20804 26.3% 19833 24.6%
Perspective questions
economic situation: Much better 20706 5.4% 19763 1.4%
economic situation: Slightly better 20706 221% 19763 10.7%
economic situation: Same 20706 39.7% 19763 32.9%
economic situation: Slightly worse 20706 26.1% 19763 40.9%
economic situation: Much worse 20706 6.7% 19763 144%
police satisfaction: Very satisfied 20722 43.1% 19712 33.8%
police satisfaction: Moderately satisfied 20722 36.1% 19712 34.7%
police satisfaction: Not satisfied, not dissatisfied 20722 10.6% 19712 18.3%
police satisfaction: Moderately dissatisfied 20722 5.8% 19712 9.4%
police satisfaction: Very dissatisfied 20722 4.5% 19712 3.9%
security situation: Very secure 20701 451% 19687 28.9%
security situation: Moderately secure 20701 33.3% 19687 36.6%
security situation: Not secure, not insecure 20701 8.0% 19687 13.9%
security situation: Moderately insecure 20701 6.4% 19687 11.9%
security situation: Very insecure 20701 7.2% 19687 8.7%
HH head's employment Status

HH head is unemployed 20804 3.4% 19833 1014%
HH head is not part of the labor market 20804 29.4% 19833 25.4%
Type: Daily laborers 20804 16.5% 19833 13.6%
Type: Unpaid family work 20804 4.8% 19833 3.5%
Type: Salaried employment 20804 15.8% 19833 14.2%
Type: Self employed 20804 41.3% 19833 37.8%
Sector: Agriculture 20804 27.5% 19833 23.3%
Sector: Manufacturing 20804 2.6% 19833 2.2%
Sector: Construction 20804 8.9% 19833 8.5%
Sector: Services 20804 28.4% 19833 23.9%
Sector: Public Administration 20804 7.2% 19833 6.1%
Sector: Human Development 20804 3.9% 19833 4.0%
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2011-12 2016-17
N MEAN N MEAN
Employment status of adult household members
Share of adult male (ages 25-50) unemployed 20804 1.2% 19833 3.9%
Share of adult male (ages 25-50) not part of the labor market 20804 8.9% 19833 9.0%
Share of adult male (ages 25-50) works as daily laborers 20804 4.8% 19833 4%
fv:t::::: adult male (ages 25-50) works as unpaid family 20804 18% 19833 3.3%
Share of adult male (ages 25-50) has salaried employment 20804 51% 19833 51%
Share of adult male (ages 25-50) is self employed 20804 10.8% 19833 9.8%
Share of adult male (ages 25-50) employed in agriculture 20804 7% 19833 7.0%
Share of adult male (ages 25-50) employed in manufactory 20804 0.9% 19833 0.8%
Share of adult male (ages 25-50) employed in construction 20804 2.8% 19833 2.8%
Share of adult male (ages 25-50) employed in service 20804 8.1% 19833 7.5%
cSl::\r;;)sftt::tL::::nmule (ages 25-50) employed in public 50804 559, 19833 559,
:::;'le‘)::t:lednt:clt male (ages 25-50) employed in human 20804 1% 19833 13%
Conflict Variable
::::I:;irtfec::::l;ies in the district that HH resides-1 month 20804 13.8 19283 507
;l:rot:l:cirtc;‘fec:::::el;ies in the district that HH resides-2 month 20804 132 19283 537
:l::‘\'l:;irtt:‘fec:::lc;l;ies in the district that HH resides-3 month 50804 142 19283 49.9
::::Iizrtfec:::’(:l;ies in the district that HH resides-4 month 20804 14.0 19283 50.3
]l;lrui::btirt&;fec:::,c;l;ies in the district that HH resides-5 month 50804 104 19283 511
::ziirtfec::‘:zl;ies in the district that HH resides-6 month 20804 129 19283 491
Consumption Item Dummy

cigarettes 20804 17.5% 19833 1514%
tobacco 20804 35.0% 19833 371%
matches 20804 98.4% 19833 96.9%
cleaning 20804 95.6% 19833 96.7%
soap 20804 82.9% 19833 81.1%
shampoo 20804 94.3% 19833 93.6%
toothpaste 20804 60.0% 19833 54.9%
grooming 20804 61.8% 19833 60.9%
bath outside 20804 16.3% 19833 10.7%
laundry 20804 24.8% 19833 12.9%
transport 20804 52.5% 19833 57.6%
fuel 20804 25.4% 19833 331%
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tax
construction
education
uniform
textbook
pen

repair
airfare

men cloth
women cloth
child cloth
men shoe
women shoe
child shoe
wedding
celebration
hospital
high quality rice
low quality rice
purchase Nan
beans
pasta

beef
chicken
milk

yogurt
dough

egg

potato
onion
tomato

fruit

white sugar
chocolate
black tea

green tea

20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804
20804

201112

MEAN
5.0%
27.6%
11.0%
42.2%
20.4%
49.8%
16.7%
1.8%
96.5%
96.9%
90.4%
96.9%
96.8%
88.3%
7.8%
441%
3.5%
43.6%
75.4%
10.9%
53.2%
26.0%
28.0%
35.8%
45.2%
49.0%
241%
38.9%
91.9%
92.2%
39.7%
61.6%
86.0%
58.6%
451%
84.0%

19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833
19833

2016-17

MEAN
6.4%
17.4%
1.2%
39.3%
22.0%
57.9%
24.3%
1.5%
951%
95.5%
89.9%
93.5%
93.6%
87.8%
8.0%
32.4%
3.3%
37.6%
68.3%
12.4%
50.7%
25.0%
12.2%
33.8%
31.5%
44.2%
20.6%
27.2%
84.9%
93.3%
46.5%
52.3%
82.9%
52.9%
34.0%
87.0%
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201112 2016-17
N MEAN N MEAN
Consumption Category Dummy

Cleaning 20804 99.5% 19833 99.8%
Clothes 20804 99.4% 19833 98.9%
Education 20804 55.3% 19833 62.0%
Cereals Pulses 20804 100.0% 19833 100.0%
Vegetables Tubers 20804 98.4% 19833 98.0%
Fruits 20804 60.8% 19833 51.4%
Meat 20804 80.4% 19833 68.3%
Dairy 20804 77.6% 19833 66.3%
Sugar 20804 93.6% 19833 89.7%
Oils 20804 96.9% 19833 98.6%
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Appendix C.
Data sources

COUNTRY YEAR SURVEY
2005 Living Standard Measurement Survey
Albania
2008-09 Household Budget Survey
2005-06 Enquete Intégrale sur les Conditions de Vie des ménages de Rwanda (EICV2)
Rwanda
2010-11 Enquete Intégrale sur les Conditions de Vie des ménages de Rwanda (EICV3)
2004-05 Malawi 2004-05 Second Integrated Household Survey (IHS2)
Malawi
2010-11 Malawi 2010-11 Third Integrated Household Survey (IHS3)
2008-09 Tangania National Panel Survey (NPS)
Tangania
2010-11 Tangania National Panel Survey (NPS)
2005-06 Uganda National Household Survey (UNHS 2005/06)
Uganda
2009-10 Uganda National Household Survey (UNHS 2009/10)
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Appendix D.
Treatment of heteroscedasticity

In this appendix, we discuss the treatment of heteroscedasticity. Throughout this report, we use the following model specification:
yit:XiIﬂ+eit (b1)

where i refers to household i and 7 refers to year ¢. After running OLS regressions, we impute household expenditures {y, } by
randomly drawing f and e, 20 to 100 times. We estimate a poverty rate by comparing the imputed expenditures with a poverty
line for each round of imputation and then take the average of them as a point estimate and estimate the standard errors using
the distribution of poverty rates. This approach is called a multiple imputation technique developed by Rubin (1987) and Schafer
(1999). We run multiple imputations using STATA's command series, “mi” (Stata Corp. 2021).

However, the literature on small area estimation recommends adding errors at the enumeration area (EA) into the model (see
equation (D2)). For example, Elbers, Lanjouw, and Lanjouw (hereafter, ELL, 2002 and 2003) use the following model specification:

V=X, B+p +e, (D2)

where p  refers to errors for enumeration area (EA), . Also, ELL (2003) recommends heteroskedasticity in household-level error
(e,,)- This annex first discusses the implications of ignoring the EA level errors.

(i) Implications of not including the EA level error

First, model specification (D2) is also restricted because it does not include errors at other administrative unit levels. Tarozzi and
Deaton (2009) show that ignoring errors at other levels than EA can significantly underestimate standard errors of statistics like
poverty headcount rates.

However, Elbers et al. (2008) show that when they run a model with multiple layers of errors using Brazil data, household and EA
level errors comprise more than 99 percent of the variance in total error. We also conducted a similar analysis using Rwanda rural
(2006) and Sri Lanka rural (2009) data and found similar results. For Rwanda Rural (2006) data, household and EA level errors
explain more than 96 percent of the variance of total error. For the Sri Lanka rural (2009) data, household and EA level errors
explain more than 99 percent of the variance of total error (see table A1 and A2). This suggests that ignoring errors at other levels
than EA is a safe assumption practically. But, if one is concerned about the possibility of large errors above the EA level, one can
run the multilayered random effect model to confirm errors at levels above EA are small.

Now we move to the next question — can ignoring EA level errors underestimate the standard error of poverty estimate? The above
evaluation using Rwanda Rural (2006) and Sri Lanka rural (2009) shows that the biggest contributor to the variance of total error is
the household level error, which explains 80 percent or more of the variance of total error (see Table A1 and A2). Others conducted
similar analyses, and the contribution of the household level error can be even higher (for example, see Elbers et al., 2008).
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TABLE D1 - Thevariance estimates of random effects parameters in the linear mixed-effects

LEVELS ESTIMATE STD. ERR. 95% CONF. INTERVAL % OF VARIANCE
Province 0.001 0.001 0.000 0.005 0.8%

District 0.000 0.000 0.000 0.000 0.0%

EA 0.033 0.002 0.029 0.036 19.7%
Household 0132 0.002 0128 0135 79.5%

Note: Authors’ estimation using Sri Lanka (2009) data

TABLE D2 - Thevariance estimates of random effects parameters in the linear mixed-effects model:

Rwanda rural 2006
LEVELS ESTIMATE STD. ERR. 95% CONF. INTERVAL % OF VARIANCE
Region 0.005 0.004 0.001 0.027 1.8%
District 0.006 0.003 0.002 0.015 2.0%
PSU 0.035 0.004 0.028 0.044 12.4%
Household 0.238 0.005 0.229 0.248 83.8%

Note: Authors’ estimation using Rwanda (2006) data

These analyses show the impact of the EA level error on the variance of total error in equation (D2) is relatively small. We now

evaluate the impact of ignoring the EA level errors on the variance of the poverty headcount rate. We use the following formula
derived by Fujii and van der Weide (2020).

~ V. W V.

var(P) ~ Ly g

n Ny N

(D3)

Equation (D3) shows that the variance of poverty rate of household expenditures imputed by equation (D2) (shown as ar(ﬁ))
is approximated by the sum of three components: variance due to household-specific sampling errors (V,/n ), variance due to
modeling errors (V /n ), and variance due to cluster-specific errors (V' /n ). n, refers to the number of observations in the SWIFT
survey, n, refers to the number of observations in the training data, and n_ refers to the number of EAin the training data. V,, V |
and do not change by changing these numbers.* Note that we assume coefficients of models do not change between the training
V data and the SWIFT survey data.

This implies that increasing the number of EAs (n ) will reduce the contribution of the cluster-specific errors. This also suggests that
if one is interested in a highly disaggregated area like sub-districts that includes a limited number of EAs, then the contribution of
the cluster-specific error is large. Therefore, properly specifying the cluster-specific error is critical for poverty mapping (estimating
poverty rates at a highly disaggregated level). But, if one is interested in a national average or a rural or urban average since the

number of EAs tends to be large, the contribution of the cluster level error is limited.

To see this, we evaluate EA level error’s contribution using a Sri Lanka rural database (2009). If one is interested in poverty
estimates at the EA level, n_= 1. On the other hand, if one is interested in rural averages, then n_=1452. This means that the
contribution of EA level errors to the rural poverty rate is 1/1452 (=0.07%) of the EA level estimate. This confirms that the need for
specifying the EA level error is significantly low when we estimate statistics at a highly aggregated level.

46  The exact formula of , , and are available in Fujii and van der Weide (2020).
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TABLE D3 - Administrative units in Sri Lanka Rural (2009) data

NAME NUMBER OF UNITS IN A SURVEY

Province 9
District 22
EA 1,452

To see whether ignoring the EA level error does not change the standard error much if we estimate poverty rates at a highly
aggregated geographic unit, we compare poverty projections with and without the EA level errors using Sri Lanka rural (2009) as
the training data and Sri Lanka rural (2012) as data for poverty projections. Table D4 includes poverty estimates based on actual
consumption data of the Sri Lanka rural (2012) data, those based on consumption data imputed by equation (D2), and those based
on consumption data imputed by equation (D1).#” As expected by equation (D3), the difference in standard errors (SE) is very
small for all rural poverty estimates — 0 at the first decimal point. For the province-level poverty estimates, the (simple) average
difference increases to 0.2 percentage points. For the district-level poverty estimates, the (simple) difference further increases to
0.4 percentage points.

Although the standard errors increase by including the EA level error, the poverty estimates do not have any clear patterns, but the
differences are small for all areas. But, the difference between poverty rates based on imputed expenditures and actual poverty
rates can be large. This is because we assumed errors follow normal distributions when we are running regressions for equations
(1) and (2). But as shown in the main text, if we use Ml PMM, we can obtain more accurate poverty estimates. This observation
confirms that estimating the distribution shape of errors is important to minimize the prediction errors.

TABLE D4 - Comparisons of poverty estimates and standard errors with and without EA level errors

2012 ACTUAL EQUATION (2) EQUATION (1) DIFFEIEENCE
ESTIMATE SE ESTIMATE SE ESTIMATE SE SE
Rural all 7.6% 0.4% 10.3% 0.6% 10.3% 0.5% 0.0%
Province
Central 2.3% 0.4% 4.4% 0.8% 4.4% 0.7% 0.1%
Eastern 7% 1.0% 11.2% 1.7% M4% 1.4% 0.2%
North-central 8.1% 0.9% 9.2% 1.2% 9.2% 1.0% 0.2%
North-western 12.3% 1.7% 19.5% 2.2% 19.7% 2.0% 0.1%
Northern 13.2% 1.8% 20.3% 2.4% 20.6% 2.0% 0.4%
Sabaragamuwa 61% 0.9% 8.6% 1.3% 8.7% 1.3% 01%
Southern 7.6% 1% 8.9% 1.7% 8.9% 1.5% 0.2%
Uva 16.2% 2.4% 15.9% 2.5% 15.9% 214% 0.4%
Western 8.5% 1.4% 10.9% 1.8% 14% 1.6% 0.2%
Province average difference (simple average) 0.2%

47  Both equation (D1) and (D2) are estimated with the STATA command “sae” while assuming all error terms follow normal distributions.
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DIFFERENCE

2012 ACTUAL EQUATION (2) EQUATION (1) IN
ESTIMATE SE ESTIMATE SE ESTIMATE SE SE
Districts
Colombo 1.4% 0.5% 4% 1.2% 3.9% 1.2% 0.0%
Gampaha 2.2% 0.6% 3.9% 1.0% 4.0% 0.9% 0.1%
Kalutara 2.9% 0.8% 5.4% 1.5% 5.3% 1.4% 0.2%
Kandy 5.7% 1.3% 10.2% 2.1% 9.9% 2.0% 0.2%
Matale 8.4% 2.0% 12.5% 3% 12.6% 2.8% 0.3%
Nuwara Eliya 10.9% 2.8% 13.4% 3.6% 13.8% 3.2% 0.3%
Galle 10.5% 1.7% 9.8% 2.0% 9.5% 1.6% 0.4%
Matara 7.3% 1.3% 7.9% 1.9% 8.3% 1.7% 0.2%
Hambantota 51% 1% 9.6% 2% 9.8% 2.0% 0.2%
Jaffna 9.8% 2.9% 17.3% 3.5% 17.2% 3% 0.5%
Mannar 21.4% 5.5% 22.6% 5.6% 23.2% 51% 0.5%
Vavuniya 4.2% 2.7% 16.9% 51% 17.7% 47% 0.4%
Mulaitivu 28.8% 5.2% 23.3% 51% 23.8% 4.6% 0.5%
Kikinochchi 12.7% 2.7% 26.3% 47% 26.4% 4.0% 0.7%
Batiacaloa 24.9% 4% 33.0% 51% 33.8% 4.0% 1%
Ampara 6.3% 1.7% 13.3% 3.0% 13.4% 2.6% 0.3%
Trincomalee 10.0% 3.4% 15.8% 4.0% 15.9% 3.3% 0.7%
Kurunegala 6.6% 1% 7.9% 1.6% 8.0% 1.5% 0.1%
Puttalam 51% 1.7% 10.2% 2.7% 10.3% 2.4% 0.3%
Anuradhapura 8.0% 1.4% 10.0% 2.3% 10.0% 2.0% 0.3%
Polonnaruwa 6.7% 1.4% 6.8% 2.1% 6.8% 1.9% 0.2%
Badulla 131% 3.7% 174% 3.7% 16.8% 3% 0.6%
Monaragala 20.4% 3.0% 14.3% 2.8% 14.6% 2.5% 0.3%
Ratnapura 111% 2.4% 11.6% 2.6% 11.8% 2.2% 0.4%
Kegalle 5.5% 1.4% 101% 2.6% 10.2% 2.2% 0.4%
Province average difference (simple average) 0.2%

Source: Authors' estimation usinge Sri Lanka (2009, 2012) data.
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The summary of the above findings is as follows:

«  Although theoretically, errors at a level beyond EA exist, empirical assessments show that their contribution to the variance of
total error is limited.

* Inclusion of EA level errors has a limited impact on the variance of poverty estimates if one is interested in national or urban/
rural averages.

» Inclusion of EA level errors has a large impact on the variance of poverty estimates if one is interested in a small area where
the number of EA is limited.

This report includes estimating poverty rates at the national level or for urban and rural areas. Therefore, ignoring the EA level
errors does not create a large bias in estimating the standard errors. But the SWIFT approach has been adopted for estimating
poverty rates to evaluate a project carried out in a small area. For such cases, the analysis here recommends we use the model
specification (D2).

Implementation of the model specification (D2)

To implement the multiple imputation process using the model specification (D2), we can use the STATA code “sae.” However, the
sae command is developed to impute household expenditures into census and thus does not incorporate the cluster effect when
estimating the standard error of poverty rates. Therefore, if one is interested in imputing household expenditures into a sample
survey with a cluster effect, we need to use a command that incorporates the survey design effects when estimating the standard
errors of statistics. STATA's “svy” command is one such example.

(i) Ignoring heteroskedasticity of household-level error

We now discuss the implication of ignoring heteroscedasticity of household-level errors, which means that the variance of
household-level error differs by household. This report conducted all analyses without including heteroscedasticity of household-
level errors. However, ELL (2002 and 2003) recommend the inclusion of heteroscedasticity in estimating equation (D2) because
it is often argued in the literature on development economics that the variance of income differs largely between the rich and the
poor and by area. Also, ELL (2003) show that the hypothesis of homoscedasticity is rejected in most model specifications in their
sample data from Ecuador. However, it is not easy to estimate household-specific variances. Below, we introduce the estimation
process ELL (2003) recommended and review its performance.

The estimation of the variance of household-specific
error in ELL (2003)

ELL (2002 and 2003) recommend the following procedure for estimating the variance of household-specific errors.

First, we run the following regression:
€it

2
—_ T
n [A—* — elzt::l =Za + Tt (D4)
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where ¢, is a household-specific error, z, is a vector of covariates, and A =1.05 *max{elf} ,and r, is aresidual. This regression

is often called the “alpha model” in small area estimation and poverty mapping literature. Second, we use the following formula to

estimate the variance of household-specific error:
52 = [ﬂ (D5)

1 A"B(1—B)
= [2] Lo [ 1205 )

(1+B)3

where B=exp(zif0?) and a is a set of estimates of the above equation (D4). This estimation process is widely accepted for
poverty mapping.

However, a practical challenge for the above procedure is that the model fitness of regression for equation (D4) is often very low.
In our experience with Sri Lanka rural (2009) data and Rwanda rural (2006) data, R-squared statistics are 1.4 and 0.5 percent
(see table A3). This means that the model (zifo?) can explain only 1.4 or 0.5 percent of variations of the left-hand side variable,
and thus the predicted B could be largely different from the actual B. This divergence from the actual B can bias the estimation of
household-specific variance (02&”) largely. Therefore, if the fitness of the alpha model is low, it is reasonable that we do not use

the household-specific variance estimated by equation (D5) but maintain homoscedasticity.

TABLE D5 - SAE results with Sri Lanka and Rwanda

NAME SRI LANKA RURAL 2009 RWANDA RURAL 2006
Alpha model result

Number of observations 12,827 5,280

Adjusted R-squared 0.013 0.005

R-squared 0.014 0.005

Root MSE 2.267 2.267

F-stat 8.9 13.6

Note: The error decomposition method is based on H3.

Conclusion

Household expenditures and income are likely correlated at the different administrative unit levels. Therefore, theoretically,
including errors at multiple administrative unit levels in the imputation model makes sense. However, empirical assessments
usually show that contributions of errors above EA to the variance of total error is marginal, and ignoring these errors is unlikely
to cause any bias. If one is concerned about this risk of ignoring errors above EA, one can carry out an empirical test using a
multilayered random effect model.*

Inclusion of EA level error is important if one is interested in estimating poverty rates at a highly disaggregated level, like sub-
districts. If so, it is recommended that equation (D2) should be used when imputing household expenditures or incomes. But, if one
is interested in national averages or urban/rural averages, the risk of over-estimating the standard error of the poverty rate is limited.

The hypothesis of homoscedasticity in the household level error is often rejected, but specifying heteroscedasticity is difficult. ELL
(2002 and 2003) propose a procedure for estimating the heteroscedasticity in the household level error. But the model fitness is
often extremely low — sometimes, R-squared can be less than 1 percent. If so, it is reasonable to run a model under an assumption
of homoscedasticity.

Finally, some codes or applications can impute household expenditures or incomes using equation (D2). Still, they often do not
have functions to include design effects when estimating standard errors of poverty rates. For STATA users, it is easy to include

the design effects by combining the codes with STATA's “svy” commands.

48  To run the multilayered random effect model, we used a STATA command “mixed.” The methodological details are available in Searle, Casella, and McCulloch (1992).
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