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1. Introduction

The design and formulation of poverty reduction policies is contingent on credible poverty
measurement. Accurate tracking of poverty trends allows policy makers to monitor progress and
to establish whether the fruits of economic growth are widely shared. Similarly, poverty
measurement can assist in the identification of pockets of poverty amongst particular population
groups, potentially informing the design of targeting strategies. At the global level, monitoring
progress in poverty reduction across countries has been underscored as a key task in support of the
first Sustainable Development Goal (SDG) aimed at global poverty eradication.

Yet, poverty measurement in many settings around the world, especially in poorer countries,
is hamstrung by a lack of suitable consumption (or income) survey data, which generally underpin
poverty measurement efforts (Beegle et al., 2016). A recent review of the United Nation’s SDG
database suggests that less than one tenth of the data points on poverty needed to properly monitor
poverty trends for all the countries over the period 2000-2018 are available (Dang and Serajuddin,
2020). Furthermore, problems with data quality are also widespread. Where repeated rounds of
survey data over time are scrutinized for evidence on poverty trends, the underlying data are often
found not to be comparable. Even minor departures from strict comparability of underlying data—
due to changes in questionnaire or survey design, organization of fieldwork, application of data
entry and cleaning protocols—have long been recognized to seriously compromise the
comparability of resultant poverty estimates (Lanjouw and Lanjouw, 2001; Deaton and Kozel,
2005).

These issues are particularly pressing in the case of panel data. Collecting longitudinal (panel)
consumption data usually involves significant resources and demands a high level of technical
survey-implementation capacity. As such, panel data are more commonly available for richer
countries. These data, too, are not exempt from data quality issues. For example, due to attrition,
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the percentage of households that remain in the Russia Longitudinal Monitoring Survey (RLMS)
panel in the first 10 years after it was first fielded is around 60 percent; this figure further decreases
by half to 29 percent after another 10 years (Kozyreva et al., 2016). Instead of contributing to a
better understanding and assessment of distributional outcomes, flawed and problematic data can
end up seriously — and dangerously - misinforming.

The ongoing Covid-19 pandemic has further added to calls for more accurate and timely
poverty data. The pandemic has dramatically impacted on the poor — in both high-income and low-
income countries - and has resulted in dramatic increases in global poverty (Sumner et al., 2020;
Dang et al., 2020). The development of appropriate and effective policy responses depends
crucially on real-time, reliable, evidence on poverty outcomes.

Experimentation with regression-based imputation methods to assist with the estimation of
poverty in the developing country setting surged in the early 2000s. Deaton and Dreze (2002),
Deaton (2003), Kijima and Lanjouw (2003) and Tarozzi (2007) provide poverty estimates based
on such imputation methods for India, in a context where serious concerns had been raised
regarding the comparability of two contiguous rounds of the National Sample Survey
Organization’s household survey. Recent years have seen poverty economists increasingly
resorting to the application of these imputation methods as a means to probe and potentially
address the challenge of missing and/or problematic, non-comparable data. Such imputation
methods can offer a cost-effective solution to a variety of data-related challenges and constraints,
and are consequently seeing increasing application in practice. International agencies including
World Bank, in collaboration with national statistical offices, have routinely employed and refined
these methods to fill data gaps in poorer countries (Jolliffe et al., 2015; World Bank, 2017).

Researchers at agencies such as Asian Development Bank and UNDP have recently adopted



similar methods (UNDP, 2016; Jha et al., 2018).! Most recently, these methods have been further
extended to impute poverty for population groups, such as refugees, that are typically not captured
in most standard household consumption surveys (Beltramo et al., 2020; Dang and Verme, 2021).

The regression-based imputation methods aimed at poverty estimation have been employed in
a wide range of applications and vary with the specific data challenge that is being confronted. But
the general point of departure is to predict consumption (and/or income), or a specific poverty
measure, in a target data source, based on an estimated relationship involving a set of predictors
that are available in both the target data source and another base data source. This basic method
has also seen increased use in recent years for the construction of synthetic panels, where the
absence of reliable panel data has constrained the analysis of poverty dynamics. While these
imputation methods appear to offer a means to overcome, or at least mitigate, a range of
fundamental challenges in conventional poverty measurement, they are themselves predicated on
underlying assumptions. These can be quite strong, and are not always readily testable with
available data. There is always a risk of unsound inferences if the methods are not judiciously
employed, with the necessary care and validation work.

In this chapter, we provide an updated overview of the advantages and disadvantages
associated with employment, in a variety of data-scarce settings, of the particular approach to
imputation described above. We classify these settings before briefly reviewing two recent
imputation approaches: aimed at, respectively, tracking poverty over time and analyzing poverty

dynamics. While these approaches may not account for all the various poverty measurement-

L A related area is small area estimation, which provides poverty (income) estimates for lower administrative areas
than what are available in the household survey. Small area estimation methods have become an integral component
in the toolbox of agencies in richer countries such as U.S. Census Bureau and are discussed in a separate chapter in
this book. This is related to an established statistical literature on multiple imputation (e.g., Carpenter and Kenward,
2013; Little and Rubin, 2020). Imputation methods have also applied to study related topics such as labor transitions
and welfare mobility in richer countries (OECD, 2015 and 2018).
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oriented imputation applications, they have seen increased used in a variety of different settings,
ranging from low-income to upper-middle income countries and over different geographical
regions. We highlight the key underlying assumptions on which these two approaches are
predicated and point to emerging experience with several methods proposed in recent studies. We
end with a brief discussion of possible new research directions for imputation methods. The
chapter serves as a generalist introduction to the topic of imputation in poverty measurement and

refers readers to in-depth treatments elsewhere.?

2. Where imputation can be potentially useful

The appeal of resorting to regression-based imputation methods depends on a variety of
circumstances. These can be listed below, in roughly decreasing order of common use:
a. To fill in missing data gaps (most commonly in poorer countries)
b. To provide an alternative to conducting new surveys that are prohibitively expensive or for
which technical and administrative capacity is unavailable.
c. To overcome issues of non-comparability in existing surveys or to side-step the non-
availability of reliable price deflators
d. To back-cast consumption from a more recent to an older survey for better comparison
with older surveys
Some remarks on these cases are in order. Cases (a) and (b) are closely related and are the most
common reason for adopting imputation efforts in poverty measurement. This is particularly
relevant for poorer countries, since in almost all these countries household consumption surveys

are fielded only very occasionally due to financial and logistical challenges. A recent survey by

2 We refer interested readers to more technical details and literature reviews provided in two recent review papers by
Dang et al. (2019) and Dang (2021).



Beegle et al. (2016) indicates that just slightly more than half (i.e., 27) of the 48 countries in Sub-
Saharan Africa had two or more comparable household surveys for the period between 1990 and
2012. Imputation methods can help fill the data gaps in these contexts.

Case (c) achieved notoriety as a result of a prominent debate on poverty in India where
changes to the recall periods for household durables and food items in the 1990s were argued to
result in the overstatement of poverty decline between 1999/00 and 2004/5 (Deaton and Kozel
2005). The debate was renewed, albeit much less heated, in the 2000s.2 In such situations,
regression-based imputation methods were employed as a means to provide alternative poverty
estimates that can be scrutinized to assess the impact of changes in questionnaire design (Dang
and Lanjouw, 2018). Another useful application of such imputation approaches is to allow
analysts to avoid reliance on, possibly dubious, externally-sourced (intertemporal and
intraregional) price deflators. Such deflators are widely applied to track poverty over time, in the
face of inflation, as well as for cross-country comparisons that require different currencies to be
converted to the same base.

Case (d), although less common, represents the scenario where regression-based imputation
provides the only route to producing comparable poverty estimates for surveys fielded in the past.
Besides challenges with survey design changes, various other changes such as data collection
modes (e.g., the switch from paper-based interviews to computer-based interviews) or seasonality
(i.e., surveys in agrarian societies being collected at different points during the crop cycle) may be

encountered, and can potentially be addressed via imputation.

3 Survey design issues that compromise the comparability of poverty estimates are more common than one might think
and are found in various countries including China (Gibson et al., 2003), Tanzania (Beegle et al., 2012), and Vietnam
(World Bank, 2012). See Dang and Lanjouw (2021) for more discussion on a typology of poverty imputation situations
and recent sample studies.



Despite their promise, the application of these imputation methods is conditional on important
caveats. A key caveat is that these are model-based approaches. Consequently, the underlying
modelling assumptions should be carefully assessed, and ideally validated, wherever the approach
is employed. One example of the issues that can arise can be seen in the context of rapid
technological change, where high-tech products such as cell phones are no longer the luxury good
that they were decades—or even just a few years—ago. In such settings, the relationship between
ownership of these products and economic wellbeing is likely to have changed significantly. This
argues against the casual employment of such covariates in the imputation model. Another
consideration relates to the fact that the appropriate application of imputation methods is
predicated on familiarity with the requisite statistical methods, and involves a degree of data-
analysis training and experience of local staff. We discuss some of these key challenges in more

detail in the next section.*

3. Workhorse equations and key imputation challenges

A household maximizes utility subject to an income budget constraint that includes choice
variables such as quantities of goods, durables, and leisure (or labor supply) (Deaton and
Muellbauer, 1980). These in turn are determined by different factors, such as household tastes. It
follows that a model of (log) household consumption (y;;) is typically estimated using the

following reduced-form linear model

Yij = B'xij + wij 1)

4 A variety of statistical issues arise with respect to the specification and estimation of the underlying prediction
models. One needs, for example, to consider the criteria for selection of variables into the imputation models and
different types of errors (e.g., measurement error in covariates, sampling error, and out-of-sample prediction error).
These issues must be attended to with care and transparency. See Elbers, Lanjouw and Lanjouw (2003) and Dang et
al. (2019) for detailed discussion.



for household i in survey j, fori=1,..., N (see, e.g., Elbers et al. (2003), Ravallion (2016)). x;; can
include household variables such as the household head’s age, sex, education, ethnicity, religion,
language (i.e., which can represent household tastes), occupation, and household assets or
incomes. ;; is the error term. We will examine the extensions of Equation (1) in the following

two situations, tracking poverty trends and measuring poverty dynamics.

3.1. Tracking poverty trends

We extend Equation (1) as follows
yj = ,B]ij +vugt+ g 2

where the error term y;; is broken down into two components, a cluster random effect v.; and an
idiosyncratic error term &;. We suppress the subscript i that indexes households to make the
notation less cluttered in this sub-section. Conditional on household characteristics, v.; and ¢; are
usually assumed uncorrelated with each other and to follow a normal distribution such that
Ucjlxj~N (0, 03].) and &;|x;~N(0, 082].). While the normal distribution assumption results in the
standard linear random effects model that is convenient for mathematical manipulations and
computation, an alternative modelling option is to draw from the empirical distribution of the
residuals.

Assume that the explanatory variables x; are comparable for both surveys (Assumption 1), in
the sense that they are defined and calculated in the same way, and that the changes in x; between
the two periods can reflect the change in poverty rate in the next period (Assumption 2).°> Dang et

al. (2017) define the imputed consumption y3 as

> A typical example where the explanatory variables x; are comparable for both surveys is that these two surveys
represent two rounds of the same household consumption survey and there is no change in survey design across these
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V2 = Bixy v+ & 3)
and estimate it as

y%,s = B{xz + 1751,5 + 51,5 (4)
where B; and the distributions of the error terms v, and &, are estimated using Equation (2). 9,
and 51,5 represent the s random draw (simulation) from their estimated distributions, for s=1,...,

S. We suggest using a large number of simulations, so as to minimize computation error. The

poverty rate in period 2 and its variance can then be estimated as
PN 1 ~
i) P, = §Z§=1 P(Y%,s < z) )

i) V(P,) = S 51 V(Paslz) + VE I3 Pasla) (6)

Recent theoretical and empirical evidence suggest that this imputation method can improve on
the prediction accuracy offered by the “proxy means testing” approach that is widely applied in
practice (Dang et al., 2017; Dang et al., 2019). Specifically, the predicted household consumption
generated using the regression-based imputation method described above is composed of both the
two terms on the right-hand side of Equation (1), that is [?’xl-]- and f1;;. In contrast, the predicted
household consumption (or wealth) with the traditional proxy means testing approach only uses
the term £'x; ;- For consistency, the poverty line in the base survey—rather than that in the target
survey—should be used in combination with the predicted consumption to obtain poverty
estimates.

Two key modelling challenges are associated with Equation (1). First, the coefficients g

estimated from the previous consumption survey can be applied to the variables in the more recent

survey rounds. Also note that x; are likely more comparable when the survey rounds are implemented closer to each
other (i.e., the time difference between the survey rounds is shorter).
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survey to obtain poverty estimates. This is often referred to as the constant parameter assumption.®
Second, good model selection is crucial for obtaining accurate estimates. Meta-analysis of
estimates using data from various countries suggests that imputation models that include
household assets and housing characteristics or utilities expenditure appear to perform best in

validation exercises (Christiaensen et al., 2012; Dang et al., 2021).

3.2. Measuring poverty dynamics

Poverty dynamics involves the study of household-level poverty outcomes at multiple time
periods. Let zj be the poverty line in period j. We are interested in knowing the unconditional
measures of poverty mobility such as

P(yn <zyandy; > z;) (7
which represents the percentage of households that are poor in the first survey round (year) but
nonpoor in the second survey round, or the conditional measures such as

P(yiz > z3lyin < 21) (8)
which represents the percentage of poor households in the first round that escape poverty in the
second round.

If panel data are available, we can directly estimate the quantities in (7) and (8); but in the

absence of such data, we can employ imputation to construct “synthetic panels” to study mobility.
We return to the notations with Equation (1). Let xi be a vector of time-invariant household

characteristics that are observed in two cross-section survey rounds fielded in the same country at

& Notably, this assumption is also needed for consistency for the 3'x; ; part in the case of proxy means tests. While
concerns exist that this assumption is likely to be valid only under normal circumstances, rather than during periods
of fast (economic growth and) poverty reduction, it has been observed to hold during a period of dramatic economic
growth in China and Vietnam where poverty incidence was cut by around half (Christiaensen et al., 2012).
Furthermore, a weaker version of this assumption has been proposed and validated for data from various countries
such as India, Jordan, and Vietnam (Dang et al., 2017; Dang and Lanjouw, 2018; Dang et al., 2019).
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two time periods. Subject to data availability, these characteristics could include such variables as
sex, ethnicity, religion, language, place of birth, and parental education as well as variables that
can be converted into time-invariant versions based, for example, on information about household
heads’ age and education. The vector Xxjj can also include time-varying household characteristics
if retrospective questions about the round-1 values of such characteristics are asked in the second
round survey.

To operationalize the synthetic panel framework, two standard assumptions are typically
made. First, the underlying populations being sampled in survey rounds 1 and 2 are assumed to be
identical, such that their characteristics remain time-invariant (Assumption 3). More specifically,
coupled with Equation (1), this implies the conditional distribution of consumption/income in a
given period is identical whether it is conditional on the given household characteristics in period
1 or period 2 (i.e., xj; = X;, implies y;; |x;; and y;; |x;, have identical distributions). Second, p;,
and u;, are assumed to have a bivariate normal distribution with positive correlation coefficient p
and standard deviations o, and o,, respectively (Assumption 4). (Note that we refer to these
assumptions as Assumptions 3 and 4 for presentation purposes only, they are not related to
Assumptions 1 and 2 discussed earlier). Given these assumptions, Quantity (7) can be estimated
by

P(yiy <zyandy; > z;) = q)2(21;[))136112 ) — 2P ,—p) 9)

B1 Ouz

where @, (.) stands for the bivariate normal cumulative distribution function (Dang et al., 2014;
Dang and Lanjouw, 2013). Note that in Equation (9), the estimated parameters obtained from data
in both survey rounds are applied to data from survey round 2 (x2) (the base year) for prediction,

but we can use data from survey round 1 as the base year as well. It is then straightforward to
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estimate quantity (8) by dividing quantity (7) by db(m), where @(.) stands for the univariate

Ousq
normal cumulative distribution function (cdf).

Compared to tracking poverty trends over time, estimating poverty dynamics does not require
the assumption of constant parameters . But now the additional assumption that a good estimate
of the correlation coefficient p is available (Assumptions 3 and 4 above), is critical. Dang et al.
(2014) describe how in the absence of an independent estimate of p, bounds on poverty mobility
can be estimated by postulating a range of values for p (in the extreme case one can utilize the
theoretical bound values of 0 and 1). The resulting bounds on the mobility estimates will be
narrower the better the prediction power of the underlying regression model — pointing to the
importance of assembling as rich a set of time-invariant covariates as possible.

Dang and Lanjouw (2013) outline an approach to estimating p using cross section survey data
from several different countries. While this is contingent on stronger assumptions that should be
thoroughly examined before employment of this approach, validation exercises and applications
of these synthetic panel methods by various researchers for different country contexts ranging from
India to Africa, Asia, the Middle East, Latin America, and Europe have yielded encouraging results
(Ferreira et al., 2012; Cruces et al, 2015, Beegle et al., 2016; UNDP, 2016; OECD, 2018; Dang et
al., 2019). Additional technical details, alternative imputation methods, and limitations, are
discussed in various studies (Dang and Lanjouw, 2013; Herault and Jenkins, 2019; Bourguignon
and Dang, 2019; Moreno et al., 2021).

It is important to underscore that the assumptions and caveats involved in the construction of
synthetic panels are onerous. As a result, caution is warranted and one would not recommend
generating synthetic panel data where actual high-quality panel data already exist or may be

collected in a cost-efficient and timely manner. In other contexts, where actual panel data do not
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exist or are too expensive to collect, there may be scope to implement the synthetic panel approach
described here. Taken with the necessary precautions, such data can offer plausible estimates for
poverty dynamics, information that is sorely needed, particularly in the developing country

context.

4. Conclusion

We end this chapter by pointing to a few promising directions for future research. Regarding
imputation topics, these methods can be useful in helping to track poverty for marginalized groups
that are not typically covered well in traditional surveys. For example, as the number of refugees
is increasing worldwide, estimating poverty for these disadvantaged populations is receiving
growing attention. Recent studies suggest that a judicious combination of household consumption
surveys, administrative data and imputation methods can provide plausible poverty estimates for
refugees (Beltramo et al., 2020; Dang and Verme, 2021).

Poverty imputation can be further improved following recent statistical advances. For example,
recent evidence suggests that various machine learning techniques can complement or strengthen
current procedures (Altindag et al., 2021). Multiple imputation (MI) technigues, which are well
developed in the statistical literature (Little and Rubin, 2020), offer an alternative method for
imputing poverty and labor outcomes (Douidich et al., 2016; Dang and Carletto, 2021).

Finally, a novel idea recently put forward proposes to employ rapid assessment surveys (e.g.,
60-minute style surveys) in combination with imputation methods to make better use of the
advantages of both (Pape, 2021). Alternatively, in an effort to save time and financial resources,
consumption data can be collected for only a subset of households in a full-scale survey, and then

imputation methods applied to project consumption into the balance of sampled households
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(Gibson, 2001; Ahmed et al., 2014). While promising, additional validation work is needed for

further progress along these lines.
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