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This paper has the double aim of contributing to the debate on poverty in India by looking at the changing
poverty profiles during the pandemic and addressing the challenges posed by the longstanding data limitations
for poverty analysis. We use a fuzzy-set methodology to assess the changes in poverty characteristics over time
and a stochastic multiple imputation method to enhance the accuracy of the PLFS data. Our analysis encompasses
both consumption- and income-based poverty, with a focus on historically marginalised groups such as children
and women. We find that the post-shock economic recovery period seems to have bypassed these groups, leaving

them struggling to improve their circumstances. In the consumption-based analysis, poverty is rising among
larger households and casual labourers, while in the income-based analysis, households with children and
working-age women are increasingly affected, with a growing gender disparity and a strong association with low-

skilled jobs.

1. Introduction

In 2020, the world witnessed an unprecedented surge in global
poverty and inequality, as the COVID-19 pandemic inflicted severe
socio-economic consequences marking a significant setback for sus-
tainable development goals (SDG). The non-pharmaceutical in-
terventions (NPI) introduced to combat the spread of the SARS-CoV-2
virus, such as social distancing guidelines, business closures, and school
shutdowns, had a profound and far-reaching impact on labour markets,
posing significant threats to families and children, especially those living
in the most impoverished households [1,2].

Following the impact of COVID-19, a new group of individuals has
emerged—those who were not previously considered poor but have
fallen into poverty due to the pandemic. This phenomenon reflects the
"changing profiles of poverty" in the country, as the crisis has changed
the economic landscape. This shift highlights the mutability of economic
systems and underscores the need for resilient, sustainable frameworks
to safeguard against such shocks. This paper aims to employ robust
measurement methodologies to analyse the trends and determinants of
new poverty in India during the COVID-19 pandemic, taking into ac-
count the uncertainties of the available data. Specifically, by employing
advanced statistical tools, we seek to answer the following research
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questions: what are the characteristics of the new poverty profiles?
Which types of occupations were most affected? Was there a differen-
tiated impact for households with children or working-age women? This
analysis is critical for informing sustainable policy responses that
consider the long-term social dimensions of recovery and resilience.
Moreover, it is indicative of how people in vulnerable situations are
exposed to various shocks, such as those related to pandemics and
climate/environmental changes.

India experienced the full impact of the pandemic’s socio-economic
disruptions. The country saw a sharp spike in levels of unemployment
and substantial job losses and witnessed a large wave of internal
migration as individuals sought refuge in rural areas [3]. After the initial
shock in 2020, the country experienced a recovery in terms of jobs and
GDP, followed by fluctuations [3,4]. However, given the heterogenous
effects of the shocks, it is unclear which groups have recuperated, to
what extent they have recovered, and whether the cumulative impact of
shocks has disrupted previous improvements.

Our study helps to clarify these aspects, contributing to the literature
on the impacts of COVID-19 on poverty and the debate on poverty
measurement in India [5,6]. However, studying poverty in India pre-
sents challenges due to a long statistical gap. Using the Periodic Labour
Force Survey (PLFS), we attempt to reduce the data limitations and
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report uncertainties by estimating monetary poverty with both
consumption-based and labour-income-based specifications, employing
a fuzzy-set approach [7], and implementing a stochastic multiple
imputation method to adjust for rounding errors presented in the PLFS
consumption expenditure data [8,9].

Our study innovates in four main ways. First, we contribute to the
ongoing and highly engaged debate on poverty measurement and levels
in India by employing a fuzzy-set approach, treating poverty as a matter
of degree, and implementing a stochastic multiple imputation method to
correct rounding errors in the PLFS consumption expenditure variable.
These methods have not been previously applied within the context of
the ongoing debate in India. Second, we offer a comprehensive explo-
ration of monetary poverty in India by considering two distinct per-
spectives: consumption-based and labour-income-based. Third, we
contribute to the empirical literature on the impact of the pandemic on
poverty in India, specifically focusing on understudied households with
children. Lastly, our study investigates heterogeneous effects between
labour-related variables and the number of children and working-age
women in households. This study is linked with the objectives of the
United Nations Sustainable Development Goals (SDGs), specifically, it
tracks Goal 1 on “no poverty,” Goal 5 on “gender equality”, and Goal 8
on “decent work and economic growth.”

The structure of the paper is as follows. Section 2 reviews the
methods and literature on poverty measurement in India in the context
of the statistical gap. Section 3 details the data and methods, explaining
the challenges and limitations. Section 4 presents the results for the main
specification. Section 5 presents the results for the specification that uses
an imputation method. Section 6 concludes.

2. Measuring monetary poverty in India
2.1. The debate on poverty measurement and levels after 2011-12

In India, monetary poverty is typically measured using consumption
expenditure, with the primary data source being the Consumer Expen-
diture Survey (CES) from the National Sample Survey Organization
(NSSO). This survey collects data on Monthly Consumer Expenditure
(MPCE) through a detailed questionnaire on the consumption of
different items.

The CES is intended to be conducted periodically at five-year in-
tervals, but during the pandemic, the latest year of publicly available
CES data was from 2011-12. To estimate poverty in this statistical gap,
different methodologies such as extrapolation techniques [6,10],
imputation methods, and alternative data sources like the Consumer
Pyramids Household Survey (CPHS), the Survey on Social Consumption
(SCS) on Health, the NSSO survey on Household expenditure on services
and durable goods, and the Periodic Labour Force Survey (PLFS) have
been used.

Extrapolation techniques used to be the official method of the World
Bank to estimate poverty in the absence of official data in India [61,"
though they produced contrasting poverty estimates (see [6,101).? In
addition to the national accounts-based technique, survey-to-survey

! Basically, this method projects the available official data on consumption
expenditure (e.g., CES 2011-2012, or other alternative survey) to more recent
years by adjusting it with the national accounts data (i.e., growth of the nom-
inal Private Final Consumption Expenditure).

2 Bhalla, Bhasin and Virmani [6] improved this method by incorporating
food subsidies, arguing that traditional estimates overstate poverty by not ac-
counting for in-kind transfers. Using international poverty lines (1.9$PPP and
3.2$PPP), they found that poverty consistently decreased after 2011. Edochie
et al. [10] also used an extrapolation method and the international poverty line
of 1.9$PPP and found no increase in poverty between 2011-2012 and
2017-2018. However, national accounts data have limitations, including
different collection methods and higher growth rates compared to household
surveys, leading to potential underestimation of poverty levels [31,32].
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imputation methodologies have also been used to estimate poverty
[10]. Based on a small area estimation method, Edochie et al. impute the
CES 2011-2012 household consumption expenditure into the SCS. Their
approach is similar to Newhouse and Vyas [11].° Newhouse and Vyas
[11] found that poverty (with a 1.90$ PPP poverty line) decreased in
2014-2015 compared to 201 1-2012.%

An alternative data source is the CPHS, run by the Centre for
Monitoring the Indian Economy, but it is not publicly available. While
similar to the CES in recording detailed expenditures on various com-
modities, the CPHS data has limitations with little independent valida-
tion of its nature and quality.” To address some of the limitations of
CPHS, Roy and van der Weide [12] employed a reweighting technique
aiming to transform the survey into a nationally representative dataset.
Their findings, which suggest poverty reduction between 2015 and 2019
was lower than national account projections, have become the official
poverty level for India on the World Bank’s Poverty and Inequality
Platform [13,14].°

Finally, there are also attempts to measure poverty using the PLFS.
This survey is appealing because it is a public survey that is nationally
representative and provides the variable Usual Monthly Consumer
Expenditure (UMPCE), which has been used as a proxy of consumption
expenditure to measure poverty. However, there are doubts about
whether it is appropriate to use the UMPCE to measure poverty because
it is not based on a detailed questionnaire as in the CES. Mehrotra and
Parida [15] use the UMPCE arguing that although it is not detailed as the
consumption expenditure in the CES, it is possible to consistently esti-
mate changes in consumption over time. Additional attempts to use this
variable or to estimate poverty from PLFS include Mehrotra and Parida
[16], where UMPCE is used as an instrumental variable leveraging its
correlation with economic status to account for the household expen-
diture on education and skills development, and Himanshu, Lanjouw,
and Schirmer [17] who contribute to the poverty estimates debate
implement a survey-to-survey imputation procedure to transfer the EUS
consumption aggregate into the PLFS surveys from 2017/18 to 2022/23
and apply redefined poverty lines to this imputed data to estimate
poverty for each PLFS survey year.

Therefore, the limitations in the availability of data in India have
produced a new debate’ about methods to estimate poverty in the
absence of official data and about the evolution and levels of poverty.
There is no consensus about the best method or about the real poverty
levels. Each method has advantages but also many assumptions and
limitations.

2.2. Poverty during the COVID-19 pandemic

The statistical gap discussed above includes the period of the COVID-
19 pandemic. Consequently, few studies cover that period and most of
them are projections of potential scenarios. In addition, most of these
studies do not attempt to correct the data or method issues discussed

3 With the main difference being that the latter used the last three CES rounds
(2004-2005, 2009-2010, and 2011-2012) to impute data into the NSSO survey
on Household expenditure on services and durable goods.

4 Edochie et al. [10] acknowledge that the imputation method may not ac-
count for important changes in the behaviour of markets between periods that
are too far apart.

5 Researchers have identified shortcomings, noting its underrepresentation of
women, young children, and poor households, along with an over-
representation of well-educated households [32-35].

6 However, while acknowledging Roy and Weide’s method as an advance,
Dreze and Somanchi [36] demonstrate that it fails to correct the underrepre-
sentation of poor households, concluding that the reduction in poverty between
2011 and 2019 has been overstated by the two authors.

7 Some scholars refer to this discussion as the “Great Indian Poverty Debate
2.0” in reference to a previous debate in the 1990s. See Ghatak [37] for a series
of articles and commentaries about this new debate.



F.F. Tavares and A. Carraro

above. Table 1 shows their poverty estimates.

Using an extrapolation technique, Bhalla, Bhasin and Virmani [6]
found that poverty with the poverty line of 1.90$ PPP did not increase
significantly during the pandemic, while with the poverty line of 3.20%
PPP estimated that poverty increased by almost 4 percentage points (pp)
between 2019 and 2020. They argue that the Indian food subsidies
policy helped to reduce the shocks. However, their analysis probably
underestimates poverty because it does not adjust for the overestimation
of consumption growth in the national accounts.

Using the CPHS, Basole et al. [3] estimated that poverty increased 15
pp in rural areas and 20 pp in urban areas between 2019 and 2020. But
the study does not try to correct the CPHS sample problems of under-
representation of some groups. Ram and Yadav [18] used the PLFS
2018-2019 to simulate different potential scenarios for 2020-2021 by
contracting the level of household consumption by 5 % and 10 %. Their
estimates projected an increase between 15.38 and 20.35 pp in rural
areas and 10.96 and 14.28 pp in urban areas. Updating the Tendulkar®
poverty line using the Consumer Price Index, Mehrotra and Parida [15]
conclude that poverty levels are higher in 2019-2020 compared to the
levels of 2011-2012 estimated using the CES. However, they compare
results from surveys that are not fully comparable. Both studies make no
procedure to adjust the problems with the PLFS consumption expendi-
ture variable.

Saxegaard et al. [22] also used CPHs but applied Roy and van der
Weide’s correction method to estimate monthly poverty trends before
and during the pandemic. They found that poverty increased severely
during the lockdown periods in 2020, with a recovery by the end of 2021
to near pre-pandemic levels.

Recently, Salmeron-Gomez et al. [19] used data from various sources
(e.g., Global Monitoring Database (GMD), Poverty and Inequality Plat-
form (PIP), and GPD data) to forecast child poverty levels for 2022. They
estimate that poverty levels for households with children in India are
11.5 % and 49.8 % with poverty lines of $2.15 PPP and $3.65 PPP
respectively. World Bank [20] recently updated the PIP using the CPHS
adjusted with Roy and van der Weide’s method. Their estimations
indicate an increase in poverty levels for both poverty lines of $2.15 PPP
and $3.65 PPP in 2020, with a recovery in 2021. Nevertheless, the
poverty rate with the $3.65 PPP poverty line is still higher than in 2019.

These ranges of different results illustrate substantial uncertainty
around the true poverty levels in India. The consequences of this un-
certainty are not limited to measurement. Without a clear understanding
of the extent of poverty, it becomes difficult to determine the appro-
priate sustainable resources and strategies necessary to address the
problem. In addition, the uncertainty is even higher for groups such as
children, which remain understudied. Our paper tries to fill this gap, but
instead of trying to estimate exact levels of poverty, it uses rigorous
methods to effectively analyse trends and changes in determinants of
poverty.

3. Data and methods
3.1. The Periodic Labour Force Survey (PLFS)

The ideal data to identify new groups of people who have fallen into
poverty because of the pandemic would be a panel tracking the socio-
economic conditions of households before, during, and after the COVID-
19 crisis. However, as discussed in the preceding section, such data is not
available in India. Given our emphasis on changes in poverty rather than
absolute levels, we have chosen to analyse monetary poverty using
repeated cross-sections from the Periodic Labour Force Survey (PLES).
This decision is based on four key considerations.

First, the PLFS is a public dataset that provides data on the Usual

8 For more details about official poverty lines in India, refer to Planning
Commission of India [21].
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Monthly Consumer Expenditure (UMPCE) and earnings from regular
salaried/wage, self-employed, and casual labour activities, enabling the
estimation of poverty levels. Second, the survey spans the period before,
during, and after the main COVID-19 pandemic shocks. Five rounds of
annual data have been released based on data collected quarterly during
July 2017-June 2018, July 2018-June 2019, July 2019-June 2020,
July 2020-June 2021, and July 2021-June 2022°. The PLFS adopts a
panel design with four visits to the same households. However, this
panel data is only available for urban areas, and the usual consumption
expenditure variable is only collected during the first visit. For our
analysis, we use the data from the first visit, treating it as a repeated
cross-section because it covers rural areas and includes the consumption
expenditure variable.

Third, the PLFS provides detailed individual- and household-level
data on many socioeconomic characteristics, which allows us to eval-
uate their relationship with monetary poverty in time. The National
Statistical Office (NSO) launched the PLFS to provide data on employ-
ment- and unemployment-related indicators, but it also provides data on
socio-demographic characteristics, level of education, labour income,
and household usual consumption expenditure.

Fourth, the survey is nationally representative. As our focus lies on
analysing poverty in households with children, it is essential that this
subgroup is represented in the sample. For this reason, using the CPHS
would not be suitable for our study as it could potentially bias the
results.

Nevertheless, using the consumption expenditure variable of the
PLFS to estimate poverty brings four important limitations to the anal-
ysis. These limitations are that the UMPCE is based on a small number of
questions, the method of collecting the UMPCE has changed by asking
more questions from the fourth round (2020-21), the UMPCE is subject
to measurement error (i.e., rounding errors), and data collection was
temporarily suspended during COVID-19. Appendix A details each of
these limitations, highlighting their implications for our analysis.

Given the numerous limitations inherent in PLFS data, the following
sections outline our proposed methodologies for mitigating these limi-
tations and reporting uncertainties. Despite our efforts, we acknowledge
that our findings are still subject to limitations, and we take them into
account in our analysis.

3.2. The fuzzy set approach to poverty measurement

The first procedure we use to reduce the PLFS limitations is to esti-
mate poverty considering both the household consumption expenditure
per capita and household labour income per capita. The former speci-
fication is less subject to rounding errors and offers additional valuable
information because it is an alternative perspective on poverty that fo-
cuses on working-poor individuals. Additionally, because wages and
profits are not subject to smoothing mechanisms such as using savings to
maintain consumption levels, we can observe short-term income fluc-
tuations caused by the economic shocks during the pandemic.

To accurately estimate labour income poverty, we only consider a
subsample of individuals who reside in households with at least one
person in the labour force. This is because the PLFS does not gather
information on income from other sources. If we were to consider the
entire sample, we could mistakenly identify households as poor that
have sources of income other than labour (e.g., pension, rents). Still,
labour income is typically the primary source of income for most
households. However, as with other labour surveys, labour income
variables have limitations. Because self-employed and casual labour
activities are uncertain and unstable, it is more difficult to track earnings
accurately and their values may be collected with less precision.
Therefore, poverty estimations may be biased, especially because these

9 At the time of writing this paper, the latest survey (PLFS 2023-2024, June
2024) had not yet been released.
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Table 1
Poverty headcount ratio estimations in the literature, COVID-19 period.
Paper Dataset Poverty line 2018-19 2019 2019-20 2020 2021
Basole et al. [3] CPHS (Rural) Min. wage 25.4 41
Basole et al. [3] CPHS (Urban) Min. wage 15.6 35.3
Mebhrotra and Parida [15] PLFS Tendulkar! 25.9
Ram and Yadav [18] PLFS Rangarajan’ 33.3 47.3-51.8
Bhalla, Bhasin and Virmani [6] CES + Nat. accounts $1.90 PPP 0.8-1.9 0.9-2.1
Bhalla, Bhasin and Virmani [6] CES + Nat. accounts $3.20 PPP 14.8-25.5 18.1-29.9
Salmeron-Gomez et al. [19] PIP + UNDESA + GPD (Child) $2.15 PPP 11.5
Salmeron-Gomez et al. [19] PIP + UNDESA + GPD (Child) $3.65 PPP 49.8
World Bank [20] CPHS (reweighted) $2.15 PPP 12.7 14.7 11.9
World Bank [20] CPHS (reweighted) $3.65 PPP 45.9 49.7 46.5

Notes: 1. For more details about official poverty lines in India, refer to the Planning Commission of India [21]. Saxegaard et al. [22] did not present poverty levels in

their study.

groups tend to be more at risk of being in poverty.

All monetary values are adjusted for inflation using the Consumer
Price Index (CPI) by area type (rural and urban) and by state. In this
way, we ensure comparability over time and account for varying cost-of-
living differences that may affect purchasing power differently across
area types and states. To calculate per capita values and the number of
people in each household, we excluded servants, employees, and other
members. To maintain comparability across rounds, we also excluded
temporary visitors, as information about this group is only available in
the fourth round (2020-2021).

To reduce the data limitation, we estimate poverty using a fuzzy set
approach, which considers poverty as a matter of degree rather than a
binary phenomenon (i.e., poor/non-poor) [23]. As such, there is no need
to set poverty thresholds because poverty membership degrees are
determined according to the individual’s relative position in the distri-
bution. Every unit of the sample will belong to the fuzzy set of poverty to
a certain degree that ranges from zero for the unit at the top of the
distribution to one for the unit at the bottom of the distribution. In this
way, we avoid arbitrarily setting a poverty line in the context of
imprecise consumption expenditure values. Moreover, we reduce the
bias caused by incorrectly assigning households as poor or non-poor due
to measurement errors such as rounding errors.

To calculate the fuzzy poverty degrees, we follow the Integrated
Fuzzy and Relative (IFR) approach proposed by Betti et al. [7]. Because
we want to analyse trends, we adapted the membership degree to ensure
comparability across years. That is, we pool the individuals from the
survey rounds of interest to determine their relative distribution posi-
tions considering all the periods together. The resulting membership
function of the pooled fuzzy indicator is the following:

a1

2wy | X, > X 2w X, | X, >
14 14

my = [1 - F(Xa) " '[1 - L(Xu) ] =

dw X, > X >wX, | X, >
v 7

where, for each individual i and time range t, X is the UMPCE or labour
income per capita, F is a cumulative distribution function, L is a function
to determine Lorenz curve values, o, is the individual sample weight
ranked by y,and « is a parameter. Usually, to facilitate comparisons
among poverty measures, a is set in a way such that the mean of the
membership function is equal to the poverty headcount ratio. Because
there is no precise estimation of the incidence of poverty in India and
because our interest lies in trends, we do not make such a comparison.
Instead, we set @ = 2, leading to an elevation of one.

3.3. Imputation method to adjust the rounded consumption expenditure
data

To ensure that our results are robust, we estimate two alternative
poverty measure specifications based on the headcount ratio with the
$2.15 PPP international (extreme) poverty line. In addition, to model
the uncertainties of the consumption data, we use a multiple imputation
method to correct the rounding error of the UMPCE. This imputation
models the consumption distribution and the heaping behavior, pro-
ducing multiple values that capture potential “true consumption
values”. We have, therefore, two alternative measures: the income-
based headcount ratio (IHCR), and the multiple potential
consumption-based headcount ratio (MCHCR).

The variable on consumption expenditure and the variables that are
used to build it are affected by heaping. In addition, the extent of the
rounding intervals is unknown, meaning that different households re-
ported an approximation of their true consumption expenditure values,
and this approximation varies among households. To correct for these
rounding errors, we use a stochastic multiple imputation based on the
method proposed by Drechsler and Kiesl [9] and Van der Laan and
Kuijvenhoven [8]. Using imputations has advantages, such as account-
ing for uncertainty, generating valid statistics, and obtaining estimates
with the average of multiple imputed outcomes.

The approach estimates rounding probabilities given the observed
rounded variable and imputes the “true” value by modelling the con-
sumption expenditure distribution given observed covariates. To model
the distribution of the household consumption expenditure (Y), we as-
sume that it follows a log-normal distribution controlled by observed
covariates (X):

@

log(Y) | X ~ N(Xp,6%) ®))

where, for each household, X is a set of observable controls such as share
of employed, equivalized number of members, household labour char-
acteristics, and maximum level of education, § are the coefficients, and
6?2 the standard error.

To account for the rounding behaviour, we assume that the rounding
degrees take the values of Rs. 500, Rs. 1000, or Rs. 2000. To model it, we
assume that the latent variable G is normally distributed and dependent
on the log of the observed consumption expenditure value:
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where y, is the constant, y, is the coefficient, and 72 the standard error.

Using a maximum likelihood estimation, the next step is to calculate
the set of parameters from their joint posterior distribution of (2) and
(3). Using these parameters, the imputation algorithm follows a rejec-
tion sampling approach given the plausible rounding values. Imputed
values are created only for individuals who are likely to have rounded
consumption expenditure. To perform the multiple imputations, we
used the package hmi from the statistical software R (see [24]).

We run the model for each plausible value separately, generating five
imputed variables, which gives us fifteen new variables. The imputa-
tions for the fourth and fifth PLFS rounds are done separately for each of
the five variables that form the UMPCE. Therefore, to calculate the final
imputed values of UMPCE, we randomly pick the imputed values for
each consumption variable and each rounding degree to create fifteen
imputed variables. When using variables with imputed values, our
inference estimations follow Rubin’s rule [25], which allows us to have
valid statistics.

The imputation method to adjust for rounding errors is not without
limitations. There are other plausible rounding degrees not covered by
our model, and the model is subject to misspecifications (e.g., rounding
values, and model covariates). However, because the imputation pro-
duces new values only for people likely to have rounded data, the model
is less sensitive to misspecification. In any case, rather than finding the
exact values of poverty, our intention here is to model and report the
uncertainties of our data, produce valid inferences and, consequently,
enhance our characterisation of poverty trends.

3.4. Empirical strategy

To understand which groups are the most vulnerable to shocks and
how the characteristics of people in poverty have changed during the
pandemic, we use fractional regressions to estimate determinants of
monetary poverty conditional on socioeconomic characteristics and
geographic controls.

Fractional regression is appropriate because our dependent variables
are bounded between 0 and 1 and may be equal to O or 1 [26]. The
model is fitted by the method of quasi-maximum likelihood, and, to
ensure that the predictions of means are also bounded between 0 and 1,
it uses the probit or logit model.

In our specification, we run fractional probit regressions comparing
each PLFS round from 2018-19 until 2021-22 by rural and urban areas.
Our base model is denoted as follows:

E(,yit‘XihZita Ci) = q)(ﬁXit +6Zy +¢i) 4

where i is the household and t the year; y is the poverty fuzzy degree
estimated using the UMPCE or the labour income; X is a vector of
observable controls of interest such as demographic and socioeconomic
characteristics of households; Z is a vector of other observable controls
such as social groups and regions; « is the constant;  and § are the model
coefficients, and ® is the normal distribution’s cumulative distribution
function. We estimate all the outcomes using sampling weights taking
account of the survey design.

For the alternative specification that estimates headcount ratio (with
an imputation method for the consumption-based poverty), we estimate
probit regressions using the same covariates, but the dependent variable
is the average of the multiple potential consumption-based headcount
ratios (MCHCR) and the income-based headcount ratio (IHCR). The
model is the following:

P(Yit: 1|Xit7Zit) = QX + §Zir) 5)
where i is the household and ¢ the year; Y is the MCHCR or the IHCR; X is

a vector of observable controls of interest such as demographic and
socioeconomic characteristics of households; Z is a vector of other
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observable controls such as social groups and regions; § and § are the
model coefficients, and ® is the cumulative standard normal distribution
function. We estimate all the outcomes using sampling weights taking
account of the survey design, and, for the MCHCR the inference esti-
mations follow the Rubin’s rule [25], which pool parameter estimates.

To analyse heterogenous effects between labour-related variables
and the number of children or the number of working-age women in the
household, we estimate predictive margins of their interactions. Unlike
the base model, in this specification with interactions, we group children
into a single category (i.e., less than 18 years old).

4. Results

In this section, we present the results of our empirical investigation.
We begin our analysis by assessing poverty trends and applying frac-
tional probit regressions using the fuzzy approach, which is helpful in
identifying the characteristics of the changing poverty profiles. We first
employ the fuzzy consumption-based poverty measure and then the
fuzzy income-based poverty measure.

We conduct the regressions for each survey year separately, breaking
down the sample between rural and urban households. The primary
objective is to determine whether there is a significant change in the
determinants of poverty during the pandemic years, such that it becomes
necessary to examine the characteristics of individuals at risk of poverty
through a new lens.

4.1. Fuzzy poverty degrees: trends and determinants
a) Fuzzy consumption-based poverty

To understand poverty trends before, during, and after the main
pandemic shocks (2020ql, 2021q2, and 2022ql), we plotted the
consumption-based fuzzy poverty outcomes ratio by quarters and by
area type (Fig. 1). We can observe that households (HH) with children
are on average much poorer than those without children. In rural areas,
poverty is temporarily increased after the first shock, recovering fast
until the second shock. After that, poverty levels remain roughly stable.
Whereas in urban areas, the increase in poverty levels after the first
shock was not temporary. For families with children, poverty levels
remain stable after the first shock. For families without children, there is
a recovery after the second shock, returning to pre-pandemic levels.
Therefore, the pandemic shocks broke the downward-sloping trend of
poverty, and households with children had more difficulty recovering
from them.

Table 2 presents an analysis of the determinants of consumption-
based poverty, categorized by PLFS rounds and area types based on
Equation (4). The values in bold represent coefficients that are statisti-
cally significantly different from their corresponding coefficient in the
pre-pandemic year (2018-19).°

Overall, the signs of the coefficients remain generally consistent
across various years and area types, but there are notable variations in
their magnitudes. Children exhibit stronger associations with poverty in
comparison to working-age men and women, as well as the elderly
population. Furthermore, within the distinct subgroups of children,
children 0-5 years old show the highest association with poverty, fol-
lowed by older age categories of children.

By comparing the evolution across the years, the association with
poverty increased for most of the generational subgroups in 2020-21,
with a recovery in 2021-22 that was not enough to return to pre-
pandemic levels. The coefficients are either statistically significantly
higher (especially in urban areas) or not statistically significantly

10 To assess the significance of coefficient changes across years, in all speci-
fications, we pooled each survey data with the initial period (2018-19), intro-
duced a year dummy, and interacted it with all explanatory variables.
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Fig. 1. Fuzzy consumption-based poverty trends by quarter. Notes: Outcomes are degrees of poverty. The three vertical dotted lines represent the main COVID-19

shocks when non-pharmaceutical interventions (NPI) took place in India.

Table 2
Fractional probit regressions average marginal effects, consumption-based poverty.

Y= Fuzzy consumption-based poverty Rural Urban

Variables 2018-19 2019-20 2020-21 2021-22 2018-19 2019-20 2020-21 2021-22

# of working-age men (16-59) 0.033" 0.036" 0.044" 0.041° 0.025" 0.029" 0.035" 0.029"
(0.003) (0.003) (0.003) (0.003) (0.002) (0.002) (0.002) (0.002)

# of working-age women (16-59) 0.026" 0.032" 0.036" 0.036" 0.029" 0.037° 0.042° 0.034"
(0.003) (0.003) (0.003) (0.003) (0.003) (0.002) (0.002) (0.002)

# of elderly (>59) 0.037¢ 0.030" 0.036" 0.035" 0.026" 0.030" 0.036" 0.029"
(0.003) (0.004) (0.003) (0.003) (0.002) (0.004) (0.003) (0.002)

# of child (0-5) 0.079" 0.071° 0.086" 0.082" 0.062" 0.057" 0.070° 0.059"
(0.003) (0.003) (0.003) (0.003) (0.002) (0.002) (0.003) (0.002)

# of child (6-14) 0.074" 0.071" 0.077¢ 0.076" 0.053" 0.052" 0.062° 0.057"
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002) (0.002)

# of child (15-17) 0.053" 0.043" 0.057¢ 0.052" 0.037¢ 0.034" 0.040" 0.039"
(0.004) (0.004) (0.004) (0.003) (0.003) (0.003) (0.003) (0.003)

Max education level in the HH -0.014" —0.014" —0.012% —0.012" -0.017° —-0.015" —0.015" —0.014"
(0.001) (0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000)

Share of employed in the HH -0.076" —0.086" —0.084" —0.126" —-0.103° —0.092° —0.060" —0.089°
(0.011) (0.013) (0.010) (0.010) (0.010) (0.012) (0.009) (0.008)

Family composition (base = One-adult household)

Couples 0.023" 0.044" 0.046" 0.032" 0.019" 0.032" 0.038" 0.039"
(0.009) (0.009) (0.009) (0.008) (0.008) (0.006) (0.006) (0.006)

Joint family 0.066" 0.093" 0.094" 0.082" 0.060" 0.061" 0.081° 0.084"
(0.010) (0.010) (0.010) (0.009) (0.009) (0.008) (0.007) (0.007)

HH labour characteristic (base = regular wage earning)

Self-employed in agriculture 0.089° 0.081° 0.041° 0.030°
(0.006) (0.006) (0.006) (0.006)

Self-employed in non-agriculture 0.052" 0.042" 0.045" 0.033" 0.032" 0.036" 0.031" 0.023"
(0.007) (0.008) (0.007) (0.006) (0.003) (0.004) (0.004) (0.003)

Casual labour in agriculture 0.134" 0.127% 0.125" 0.123"
(0.008) (0.010) (0.009) (0.008)

Casual labour in non-agriculture 0.103" 0.096" 0.089" 0.099" 0.086" 0.072" 0.090" 0.092"
(0.007) (0.009) (0.007) (0.007) (0.006) (0.006) (0.006) (0.006)

Others 0.046" 0.038" 0.069" 0.037% —0.002 —0.006 0.007 —0.001
(0.010) (0.011) (0.011) (0.011) (0.008) (0.010) (0.007) (0.007)

HH main occupation (base = High skill jobs)

Low skill 0.070" 0.054" 0.058" 0.052" 0.070" 0.060" 0.056" 0.050"
(0.006) (0.008) (0.006) (0.007) (0.003) (0.004) (0.004) (0.004)

Social group control Yes Yes Yes Yes Yes Yes Yes Yes

Geographic control Yes Yes Yes Yes Yes Yes Yes Yes

Observations 55,739 55,222 55,375 55,844 45,473 44,930 44,862 45,631

Notes: Linearized standard errors in brackets (taking account of the survey design).
Coefficients in bold are statistically significantly different from their corresponding 2018-19 values at p < 0.1 or lower.

2 p<0.01.
b b <0.05.
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different from 2018-19. These results suggest that households with
many members became more vulnerable during the pandemic or their
association with poverty remained stagnant.

The results from the family composition subgroups, namely couples
and joint households, exhibit positive and statistically significant asso-
ciations with consumption-based poverty that increased with the
pandemic. Both couples and joint households are more at risk in rural
than urban areas. However, poverty in urban areas for these groups did
not recover in 2021-22, remaining statistically significantly higher than
the pre-pandemic year.

In terms of HH-predominant labour characteristics, casual labour is
the subgroup most strongly associated with consumption-based poverty.
However, their coefficients do not exhibit any relevant changes in the
magnitude during the pandemic. The association between self-
employment and poverty showed a declining trend. This trend may be
explained by workers who, after losing formal sector jobs, had to turn to
self-employment as a survival strategy. This shift likely brought in more
skilled workers or those with better coping strategies/capacities, which
may have reduced the link between self-employment and consumption-
based poverty. However, further research is needed to confirm this hy-
pothesis and better understand the reasons behind this declining trend.

As for the estimates for occupation classification, households with
low-skill jobs as their main occupation slightly narrowed the gap rela-
tive to households with high-skill jobs in the period. The differences
between 2021-22 and 2018-19 are statistically significant for both rural
and urban areas. This result is possibly due to various factors such as
government support programmes, changing labour market dynamics, or
other economic shifts.

b) Fuzzy income-based poverty

Fig. 2 depicts the trends for the fuzzy labour income poverty. In this
specification, HH with children are on average also much poorer than
those without. Unlike consumption-based poverty, the curves do not
exhibit a downward-sloping trend in the initial period, implying that the
situation was not improving before the pandemic. Following the initial
shock, there is a substantial increase in poverty, particularly evident for
households with children and urban areas. The impact of the first shock
on poverty is more pronounced compared to consumption-based
poverty, indicating that households may have relied on consumption-
smoothing mechanisms to cope with the crisis.

= HH wath children - Rura

= = HH wathout children - Rural
= HH with children - Urban

— — HH without children - Urban
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In the second half of 2020, there was a swift recovery until 2021,
followed by a subsequent poverty increase during the second shock.
After that, rural areas saw a slow recovery, while urban areas experi-
enced a more rapid one. However, when comparing the degree of
poverty in the final and pre-pandemic quarters, there is not much
improvement in poverty degree levels.

Table 3 shows the determinants of labour income poverty. Notably, a
distinct gender disparity emerges within this specification. The number
of working-age men is negatively associated with poverty while,
conversely, there is a positive association between the number of
working-age women and poverty. An analysis of these two subgroups
over time shows that this gender-based gap has widened. These results
reflect the low dynamism of the labour market for women in India,
underscored by their low participation rate in the labour force (see [27,
281).

Similar to consumption-based poverty estimates, the number of
children is positively associated with poverty. However, during the
pandemic, this association intensified for all age groups in both rural and
urban settings. These increases were statistically significant for most
subgroups compared to the pre-pandemic period.

Another difference with consumption-based poverty is that in urban
settings, couples and joint families now display a negative association
with poverty, although this effect tends to diminish over time.
Conversely, in rural areas, joint families show a positive association with
poverty, which surged during the pandemic but experienced a slight
recovery in the most recent period. In this subgroup, the different signs
between urban and rural areas during the main shock periods may
suggest that in urban settings co-residence represented a safety net. One
possible explanation is that while many urban workers lost jobs due to
lockdowns and business closures, the diverse income opportunities
available in cities provided a buffer for households with more de-
pendents, making joint families more resilient to labour market dis-
ruptions. In rural areas, job opportunities were more limited, and many
households relied solely on agriculture. Disruptions in the agricultural
value chain and difficulties in the agricultural sector meant that, even
with more household members, the overall income might not have been
sufficient to avoid falling into poverty.

Regarding HH labour characteristics, subgroups labelled as "others,"
and "casual labour" showed the strongest association with poverty.
Compared to the initial period, the association with poverty increased
for the self-employed in urban areas in 2019-20 and 2020-21, with a

Quarters

Fig. 2. Fuzzy income-based poverty trends by quarter. Notes: Outcomes are degrees of poverty. The three vertical dotted lines represent the main COVID-19 shocks
when non-pharmaceutical interventions (NPI) took place in India. The sample is restricted to households that have at least one person in the labour force.



F.F. Tavares and A. Carraro

Socio-Economic Planning Sciences 98 (2025) 102110

Table 3
Fractional probit regressions average marginal effects, income-based poverty.

Y= Fuzzy income-based poverty Rural Urban

Variables 2018-19 2019-20 2020-21 2021-22 2018-19 2019-20 2020-21 2021-22

# of working-age men (16-59) -0.027% —0.007 —0.029" —-0.018" —0.031% —-0.019" —-0.026" -0.013"
(0.006) (0.007) (0.006) (0.007) (0.005) (0.008) (0.006) (0.005)

# of working-age women (16-59) 0.027° 0.032" 0.029" 0.050" 0.005 0.022° 0.023" 0.044"
(0.006) (0.007) (0.006) (0.006) (0.005) (0.006) (0.005) (0.004)

# of elderly (>59) 0.037¢ 0.039" 0.032" 0.029" 0.015" 0.036" 0.030" 0.047°
(0.006) (0.007) (0.007) (0.007) (0.006) (0.007) (0.006) (0.005)

# of child (0-5) 0.057* 0.071° 0.086" 0.079" 0.030" 0.026" 0.043" 0.061°
(0.004) (0.006) (0.005) (0.004) (0.005) (0.005) (0.005) (0.004)

# of child (6-14) 0.049" 0.070" 0.074" 0.075" 0.024" 0.016" 0.034" 0.051°
(0.003) (0.004) (0.004) (0.003) (0.004) (0.006) (0.004) (0.003)

# of child (15-17) 0.054" 0.053" 0.084" 0.067% 0.031" 0.019" 0.027° 0.045"
(0.006) (0.007) (0.006) (0.006) (0.005) (0.007) (0.005) (0.005)

Max education level in the HH —0.009" —0.007% —0.007" —0.009" —0.017% —0.018" —0.016" —0.014"
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Share of employed in the HH —0.326" —0.168" —0.181° —0.113% —0.631" —0.553" —0.489" —0.245"
(0.031) (0.030) (0.028) (0.026) (0.032) (0.041) (0.036) (0.028)

Family composition (base = One-adult household)

Couples —0.083" —0.025° —0.019 —0.015 -0.178% —0.158" —0.121°% —0.030"
(0.015) (0.015) (0.015) (0.015) (0.015) (0.023) (0.018) (0.014)

Joint family —0.028° 0.052° 0.070" 0.062" -0.120" -0.115" —0.065" 0.020
(0.017) (0.018) (0.018) (0.018) (0.017) (0.024) (0.021) (0.016)

HH labour characteristic (base = regular wage earning)

Self-employed in agriculture 0.130" 0.091° 0.104" 0.142%
(0.009) (0.010) (0.010) (0.010)

Self-employed in non-agriculture 0.076" 0.065" 0.062" 0.053" 0.039" 0.070° 0.065" 0.030"
(0.009) (0.011) (0.010) (0.009) (0.005) (0.009) (0.006) (0.005)

Casual labour in agriculture 0.205" 0.167° 0.188" 0.201°
(0.011) (0.013) (0.012) (0.013)

Casual labour in non-agriculture 0.156" 0.122° 0.118" 0.117° 0.148" 0.172° 0.164" 0.134"
(0.010) (0.014) (0.011) (0.010) (0.010) (0.012) (0.009) (0.008)

Others 0.343" 0.319" 0.369" 0.540" 0.407% 0.386" 0.490" 0.694"
(0.017) (0.020) (0.022) (0.009) (0.026) (0.046) (0.019) (0.011)

HH main occupation (base = High skill jobs)

Low skill 0.077% 0.064" 0.089" 0.098" 0.083" 0.057° 0.080" 0.102°
(0.009) (0.011) (0.010) (0.011) (0.006) (0.011) (0.006) (0.005)

Social group control Yes Yes Yes Yes Yes Yes Yes Yes

Geographic control Yes Yes Yes Yes Yes Yes Yes Yes

Observations 24,973 21,605 20,904 20,317 22,940 21,485 22,168 22,177

Notes: Linearized standard errors in brackets (taking account of the survey design). The sample is restricted to households that have at least one person in the labour
force. Coefficients in bold are statistically significantly different from their corresponding 2018-19 values at p < 0.1 or lower.

2 p <0.01.
b b <0.05.
¢p<0.1.

recovery in 2021-22. In the final period, only the "others" and “self-
employed in agriculture” subgroups witnessed an increase in the asso-
ciation with poverty, but the difference with the initial period was sta-
tistically significant only for the former.

In terms of occupational classification, after a decline in the associ-
ation with poverty for the “low skill” subgroup during the period of the
first shock (2019-20), this association rebounded and even exceeded the
pre-pandemic levels (2018-19). However, the difference between the
initial (2018-19) and the final period (2021-22) is statistically signifi-
cant only in urban areas.

4.2. Heterogenous effects: labour, children, and women

The objective of this subsection is to understand if, in the years of the
pandemic, there is evidence of heterogeneous effects in groups that are
at higher risk of poverty. Therefore, we present the results of the re-
gressions that explore the interactions between labour-related variables
and the number of children and working-age women within households.
In Appendix B, we provide additional findings related to the classifica-
tion of occupation subgroups.

In general, it is evident that a higher number of children or working-
age women in a household is associated with a greater likelihood of
experiencing poverty, regardless of the household labour-related
characteristics.

a) Fuzzy consumption-based poverty

The next two figures show the interaction between HH-predominant
labour characteristics within households and the number of children in
rural (Fig. 3) and urban (Fig. 4) areas.

In the context of rural areas, when comparing the different labour
categories, we observe that the association between poverty and casual
labourers (in purple and green) remains consistently high and stable.
Conversely, other categories (in blue, red and orange) have shown signs
of improvement during the period under scrutiny. The effect is a
widening gap between casual labour and the remaining categories in
2021-22. In urban areas, we do not observe relevant changes in het-
erogeneous effects. However, it is worth noting that the association with
poverty has shown a slight increase between 2019-20 and 2020-21,
particularly among casual labourers and families with three or more
children. Although the association between households with children
and poverty has somewhat recovered in the subsequent period, it is
noteworthy that the levels have largely persisted at levels like those
observed in the 2018-19 data.

Figs. 5 and 6 depict the interactions between the number of working-
age women and the HH predominant labour characteristics, within rural
and urban settings, respectively. There is a consistent trend in both
settings: as the number of working-age women within households in-
creases, there is also a corresponding increase in the risk of poverty. In
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Y = Fuzzy consumption-based poverty, Rural areas

2018-19 2019-20 2020-21 2021-22

2 2 2 2
1 1 = 19
0- 0- o- o-
T T 1 T T 1 T T L] T
0 1 2 3 1] 1 2 3 1] 1 2 3 Q 1 2 3
# of children (<18) in HH # of children (<18) in HH # of children (<18) in HH # of children (<18) in HH
= Self-employed in non-agriculture ~  Repular wage'salary earning == (Casual lzbour in non-agriculturs
- Self-employed in agriculture ——  Casual labour in agricultiure

Fig. 3. Interaction between the number of children and HH labour characteristics, predictive margins, Rural areas. Notes: Predictive margins with 95 % confidence
intervals (taking account of the survey design).

Y = Fuzzy consumption-based poverty, Urban areas
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Fig. 4. Interaction between the number of children and HH labour characteristics, predictive margins, Urban areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).
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Y = Fuzzy consumption-based poverty, Rural areas
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Fig. 5. Interaction between the number of working-age women and HH labour characteristics, predictive margins, Rural areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).

Y = Fuzzy consumption-based poverty, Urban areas
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Fig. 6. Interaction between the number of working-age women and HH labour characteristics, predictive margins, Urban areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).
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Y = Fuzzy income-based poverty, Rural areas
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Fig. 7. Interaction between the number of children and HH labour characteristics, predictive margins, Rural areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).

Y = Fuzzy income-based poverty, Urban areas
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Fig. 8. Interaction between the number of children and HH labour characteristics, predictive margins, Urban areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).
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rural areas, the gap between two key self-employment categories — i.e.,
agriculture (in red) vs non-agriculture (in blue) - steadily diminishes. In
the earlier period of 2018-19, the red curve exceeded the blue one,
indicating a higher risk of poverty for households relying on agricultural
self-employment. However, by 2021-22, these two curves overlap,
reflecting a narrowing of the poverty risk gap. Women living in house-
holds where self-employment serves as the primary income source tend
to exhibit lower poverty risks compared to those reliant on casual la-
bour. In urban settings the presence of working-age women within
households yields relatively stable patterns regarding poverty risks,
showing an interesting contrast with the shifts observed in the rural
settings.

b) Fuzzy income-based poverty

The results for labour income poverty show a slightly different sce-
nario than consumption-based poverty. Figs. 7 and 8 present the in-
teractions between the household labour characteristics and the number
of children in the household for rural and urban areas. For the former, a
distinct pattern emerges for casual labour with three children. Their
association with poverty increased in 2019-20, remained higher in the
subsequent year, and reverted to pre-pandemic levels in the last period.
Conversely in urban areas, as reported in Fig. 8, there is a temporary
increase in the association with poverty observed among households
without children and for those predominantly engaged in self-
employment and regular earners. Following the initial wave of the
pandemic, these categories recovered their previous positions, while HH
with three children continued to show an association equal to or higher
than the initial period.

Figs. 9 and 10 show the outcomes of the interactions with the number
of working-age women. In rural areas, we observe significant variations
primarily in regular wage earners (in orange) and among the self-
employed in non-agricultural sectors (in blue). Analysing the slope of
the curve, it becomes apparent that in 2019-20, the gap between

Y = Fuzzy income-based
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households without working-age women and those with three or more
women had narrowed in comparison to the 2018-19 period. This phe-
nomenon could be attributed to the adverse effects of lockdown-induced
closures, exacerbating the conditions for households with a higher male
presence, bringing them closer in economic terms to those with a greater
female composition. Nevertheless, the gap began to widen once more in
2020-21 and continued to expand further in 2021-22.

Fig. 10 reveals that casual labour and self-employed experienced an
increase in the pandemic initial period (2019-20). In the subsequent
periods, all groups rebounded to pre-pandemic levels, except for casual
labourers households with two or three children.

4.3. The multiple potential headcount ratio

This section presents the trends and regression outcomes for the
poverty specification (Equation (5)) that uses as dependent variables the
MCHCR and the IHCR. The aim here is to ascertain whether the key
findings from the fuzzy poverty estimations (Tables 2 and 3) remain
robust when employing an alternative specification, although we expect
some differences because it is a different method of measuring poverty.
Below, we briefly describe the main differences. Additionally, in
Appendix C, we provide the graphical representations of the heteroge-
nous effects between labour-related variables and the number of chil-
dren or number of working-age women.

a) Multiple potential headcount ratio (MCHCR)

Fig. 11 depicts the trend of extreme poverty as measured by the
consumption-based MCHCR. The solid and slashed lines represent the
mean of the multiple potential poverty values, whereas the dotted lines
above and below these lines represent the maximum and minimum
values. The results trends for urban areas are similar to those from the
fuzzy results (Fig. 1), in which poverty levels remain stable after the first
shock. For rural areas, the recovery after the first shock is more

poverty, Rural areas
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Casual Isbour in non-agriculturs

Caszual labour in agriculture

Fig. 9. Interaction between the number of working-age women and HH labour characteristics, predictive margins, Rural areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).
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Y = Fuzzy income-based poverty, Urban areas
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Fig. 10. Interaction between the number of working-age women and HH labour characteristics, predictive margins, Urban areas
Notes: Predictive margins with 95 % confidence intervals (taking account of the survey design).
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Fig. 11. Consumption-based MCHCR trends by quarter. Note: Outcomes are the percentage of extreme poverty. The three vertical dotted lines represent the main
COVID-19 shocks when non-pharmaceutical interventions (NPI) took place in India.

pronounced than that from the fuzzy results, but, like the fuzzy speci- However, the certainty of these time-related differences is less clear,

fication, the recovery is interrupted after the second shock. owing to the introduction of variability from the multiple imputation
Table 4 presents the probit regression outcomes for the consumption- process.

based MCHCR by area type. The patterns of change over time closely The outcomes confirm that households with children and families

resemble those from the fractional regression presented in Table 2. with a larger number of members are those with a higher probability of
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Table 4
Probit regressions average marginal effects, consumption-based MCHCR.

Y= Consumption-based MCHCR Rural Urban

Variables 2018-19 2019-20 2020-21 2021-22 2018-19 2019-20 2020-21 2021-22

# of working-age men (16-59) 0.042" 0.045" 0.053" 0.046" 0.015" 0.018" 0.022° 0.017%
(0.006) (0.005) (0.005) (0.005) (0.003) (0.003) (0.003) (0.003)

# of working-age women (16-59) 0.031° 0.039" 0.039" 0.041" 0.017¢ 0.021" 0.030" 0.023"
(0.006) (0.006) (0.005) (0.005) (0.004) (0.003) (0.003) (0.003)

# of elderly (>59) 0.048" 0.041% 0.049" 0.049" 0.017% 0.024" 0.028" 0.023"
(0.009) (0.008) (0.006) (0.005) (0.004) (0.004) (0.004) (0.003)

# of child (0-5) 0.103" 0.098" 0.105" 0.102" 0.046" 0.039" 0.052" 0.038"
(0.005) (0.006) (0.005) (0.005) (0.003) (0.003) (0.003) (0.003)

# of child (6-14) 0.098" 0.097¢ 0.094" 0.096" 0.039" 0.037¢ 0.046" 0.043"
(0.004) (0.005) (0.004) (0.004) (0.002) (0.002) (0.003) (0.002)

# of child (15-17) 0.071% 0.057% 0.069" 0.071% 0.029" 0.027% 0.030" 0.026"
(0.007) (0.007) (0.007) (0.006) (0.004) (0.004) (0.004) (0.004)

Max education level in the HH —0.017% -0.017% —0.014" —0.013" —0.012% —0.010" —0.010" —0.010"
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Share of employed in the HH -0.117% —0.097¢ -0.131° -0.157% —0.090° —0.082% —0.040° —0.057%
(0.022) (0.024) (0.018) (0.019) (0.014) (0.014) (0.013) (0.012)

Family composition (base = One-adult household)

Couples 0.010 0.039° 0.026° 0.016 —0.022 —0.002 0.000 —0.003
(0.024) (0.021) (0.014) (0.016) (0.014) (0.011) (0.011) (0.009)

Joint family 0.062" 0.108" 0.098" 0.082" 0.012 0.018 0.029" 0.032"
(0.025) (0.022) (0.017) (0.018) (0.015) (0.012) (0.012) (0.010)

HH labour characteristic (base = regular wage earning)

Self-employed in agriculture 0.102% 0.092% 0.039" 0.019°
(0.011) (0.011) (0.011) (0.010)

Self-employed in non-agriculture 0.045" 0.046" 0.040" 0.018 0.023" 0.030" 0.023" 0.014"
(0.012) (0.014) (0.012) (0.011) (0.005) (0.005) (0.005) (0.004)

Casual labour in agriculture 0.167° 0.156" 0.156° 0.136"
(0.015) (0.018) (0.015) (0.014)

Casual labour in non-agriculture 0.126" 0.115" 0.103" 0.114" 0.076" 0.071% 0.075" 0.069"
(0.013) (0.015) (0.013) (0.013) (0.008) (0.008) (0.008) (0.007)

Others 0.056" 0.059" 0.086 0.049" 0.008 0.005 0.011 0.005
(0.020) (0.020) (0.018) (0.021) (0.012) (0.011) (0.009) (0.010)

HH main occupation (base = High skill jobs)

Low skill 0.084" 0.072" 0.075" 0.058" 0.046" 0.030" 0.035" 0.024"
(0.011) (0.014) (0.011) (0.011) (0.005) (0.005) (0.005) (0.005)

Social group controls Yes Yes Yes Yes Yes Yes Yes Yes

Geographic control Yes Yes Yes Yes Yes Yes Yes Yes

Observations 55,739 55,222 55,375 55,844 45,473 44,930 44,862 45,631

Notes: Linearized standard errors in brackets (taking account of the survey design and following Rubins’ rule). Coefficients in bold are statistically significantly

different from their corresponding 2018-19 values at p < 0.1 or lower.
2 p < 0.01.
b p < 0.05.
‘p<o0.l.

experiencing poverty. The main differences to the fuzzy outcomes are
that, in urban areas, the subgroup “Couples” is not significantly different
from one-adult households, and casual labour in urban areas does not
show an increased association with poverty over time.

b) Income-based headcount ratio (IHCR)

Fig. 12 illustrates the trends of labour-income-based (extreme)
poverty by quarters. Overall, the trends are similar compared to the
fuzzy results (Fig. 2). However, the IHCR results have more prominent
variations, especially in the quarter after the first shock (2020q2). In this
specification, it becomes apparent that households in urban areas
experienced a significant impact from the initial shock, with poverty
levels more than doubling compared to pre-pandemic figures. Following
this initial shock, all subgroups demonstrated a swift recovery, with
subsequent oscillations and, except for HH in rural areas and without
children, a slight downward path.

Table 5 presents the estimations for labour income poverty. The
findings confirm those discussed in Table 3 for most variables. During
the pandemic, households with higher number of working-age women
experienced higher poverty, except in urban areas in the 2020-21 round.
Compared to the initial period, the higher association with poverty for
working-age women in 2021-22 is statistically significant, confirming
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their difficult to recover after the main pandemic shocks.

Households with children consistently show the highest and
increasing probabilities of being poor (with exceptions noted for chil-
dren between 15 and 17 years old in rural areas), but the marginal ef-
fects are not significant in urban areas in the year 2019-20. Other
differences from the fuzzy outcomes indicate that joint families in rural
areas are not statistically different from one-adult households during the
pandemic. In addition, low-skill labour is not statistically different from
high-skill labour during the initial period of the pandemic (2019-20) in
rural areas and urban areas from 2018-19 until 2020-21.

5. Discussion and conclusion

In this study, we analyse changes in determinants of poverty during
the pandemic and dig into which subgroups likely emerged as poor to
shed light on the vulnerability and recovery capacity of different sub-
groups, which are crucial aspects to guide policy responses to meet the
SDGs.

In particular, considering the statistical gap in India, we employed a
fuzzy-set methodology and a multiple imputation method to reduce the
limitations of the PLFS data for measuring poverty. Our analysis covered
both consumption- and income-based poverty metrics, offering two
perspectives that revealed diverse insights. These differences underscore
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Fig. 12. THCR trends by quarter. Note: Outcomes are the percentage of extreme poverty. The three vertical dotted lines represent the main COVID-19 shocks when
non-pharmaceutical interventions (NPI) took place in India. The sample is restricted to households that have at least one person in the labour force.

the need to adopt a multi-faceted approach to poverty analysis, partic-
ularly when confronted with data limitations.

Overall, both sets of results highlight converging evidence in the
association between household characteristics and the experience of
poverty, albeit with some variations in focus. An important limitation of
this study is that while the findings highlight the presence of significant
correlations, they do not necessarily shed light on the direct cause-and-
effect relationships between the control variables and poverty.

In terms of consumption-based poverty, it appears that the new
categories of people falling into poverty are likely to be individuals
living in larger households. This association increases over time and is
notably influenced by factors such as the number of members (by gen-
eration) and the family composition, including couples and joint fam-
ilies. This finding suggests that, compared to small families, large ones
may face additional challenges in terms of accumulating savings and
implementing effective consumption-smoothing strategies. When
examining HH-predominant labour characteristics, children living in
households primarily engaged in casual labour in urban areas are highly
at risk. Casual labour provides few opportunities for households to
invest in developing skills and building assets, and unequal power re-
lations with employers’ limit households’ capacities to improve their
security or working conditions.

When looking at income-based poverty, there are two emerging
categories: households with children and working-age women. When
comparing the pre-pandemic and post-pandemic periods, it became
apparent that all age groups of children experienced an increase in the
association with poverty, and a noticeable gender disparity has become
more pronounced over time. The number of working-age men was
negatively associated with poverty, while the number of working-age
women was positively associated with poverty and this positive associ-
ation has intensified over time.

This gender gap reflects the persistent challenges faced by women in
the Indian labour market, including issues of low job dynamism and job
quality (see [29,30]). These factors all contribute to heightening the risk
of women falling into poverty. The low proportion of women in the la-
bour force often relies on precarious employment arrangements without
adequate protection. Some women have joined the workforce in
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response to the pandemic-induced income loss within their households
[30]. However, women typically enter the labour force under precarious
informal employment conditions, with an insecure income source that
often proves insufficient to compensate for the initial loss.

Joint families emerge as another group at particular risk, especially
in rural areas. Notably, in urban settings, the association between joint
families and income-based poverty is less significant when compared to
one-adult households in most periods. This result suggests that a higher
number of members can serve as a form of safety net as long as they are
employed or receive social assistance, which is more likely to be the case
in urban areas. In contrast to the analysis of consumption-based poverty,
people falling into income-based poverty are also more likely to have
jobs that require fewer skills. In the period under analysis, low-skilled
workers faced a growing gap in terms of income compared to those
with higher skills.

In both poverty specifications, regression interactions with labour-
related variables indicate that in times of crisis vulnerability of
women and children can also depend on the predominant type of
employment. A higher number of children or working-age women in a
household is consistently associated with higher poverty levels. This is
more evident for those households primarily relying on casual labour,
which, different from the other labour types, continued to be largely
associated with poverty after the pandemic shocks.

In general, the alternative specification closely aligns with the fuzzy
specification, reinforcing the key findings. There are differences in
magnitudes and in a few coefficient significances, but the coefficient
signs are almost always the same and the key findings still hold.
Therefore, the pandemic has either perpetuated or exacerbated the
economic precarity of historically vulnerable groups.

This paper helps identify individuals most at risk during the different
phases of the pandemic. In terms of the policy implications one key area
that requires policy attention is the enhancement of working conditions
for women, especially those with dependent children. This involves
improving their access to the labour market, creating a supportive work
environment, safeguarding their rights, and establishing social safety
nets to protect their children during crises.

For instance, on the supply side, it is essential to implement policies
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Table 5
Probit regressions average marginal effects, labour income IHCR.

Y= Income-based THCR Rural Urban

Variables 2018-19 2019-20 2020-21 2021-22 2018-19 2019-20 2020-21 2021-22

# of working-age men (16-59) —0.051" —0.013 —0.039" —0.030" —0.030" -0.020" —-0.032° —-0.018°
(0.010) (0.012) (0.011) (0.010) (0.006) (0.010) (0.007) (0.006)

# of working-age women (16-59) 0.018" 0.031" 0.033" 0.052" —0.002 0.015° —0.004 0.022°
(0.009) (0.011) (0.010) (0.009) (0.005) (0.008) (0.006) (0.004)

# of elderly (>59) 0.041% 0.048" 0.039" 0.039" 0.007 0.029" 0.007 0.026"
(0.010) (0.012) (0.011) (0.010) (0.005) (0.011) (0.007) (0.005)

# of child (0-5) 0.050" 0.075° 0.076" 0.082" 0.009° 0.003 0.020" 0.026"
(0.007) (0.010) (0.008) (0.007) (0.005) (0.007) (0.006) (0.004)

# of child (6-14) 0.048" 0.083" 0.071° 0.086" 0.007" —0.000 0.011" 0.028"
(0.006) (0.007) (0.006) (0.006) (0.003) (0.007) (0.004) (0.003)

# of child (15-17) 0.062" 0.059" 0.080" 0.061" 0.014" —0.003 0.015" 0.024"
(0.010) (0.013) (0.011) (0.010) (0.005) (0.009) (0.007) (0.005)

Max education level in the HH —0.007% —0.005" —0.003" —0.006" —0.005" —0.008" —0.008" —0.003"
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Share of employed in the HH -0.279% —0.020 —0.054 0.118° —0.307° —0.346" -0.276" —0.002
(0.049) (0.049) (0.041) (0.038) (0.026) (0.040) (0.033) (0.024)

Family composition (base = One-adult household)

Couples —0.150" —0.045° —0.068" —0.058" -0.213% —-0.198" —0.153" —0.046"
(0.028) (0.025) (0.023) (0.022) (0.024) (0.028) (0.025) (0.016)

Joint family —0.060° 0.039 0.039 0.046 -0.175° —0.172% —0.1027 —0.012
(0.032) (0.032) (0.030) (0.028) (0.026) (0.032) (0.029) (0.018)

HH labour characteristic (base = regular wage earning)

Self-employed in agriculture 0.112% 0.070" 0.078" 0.132%
(0.013) (0.016) (0.014) (0.014)

Self-employed in non-agriculture 0.023° 0.051° 0.030° 0.010 0.022% 0.058" 0.022" 0.013"
(0.014) (0.017) (0.015) (0.013) (0.006) (0.010) (0.007) (0.005)

Casual labour in agriculture 0.229" 0.180° 0.175° 0.227°
(0.020) (0.024) (0.022) (0.023)

Casual labour in non-agriculture 0.158" 0.150" 0.114° 0.101° 0.149" 0.182° 0.150" 0.123"
(0.016) (0.022) (0.017) (0.015) (0.014) (0.016) (0.013) (0.011)

Others 0.503" 0.504" 0.527° 0.863" 0.516" 0.479" 0.586" 0.940"
(0.037) (0.036) (0.041) (0.010) (0.030) (0.062) (0.031) (0.008)

HH main occupation (base = High skill jobs)

Low skill 0.037" 0.023 0.040" 0.043" 0.004 —0.000 0.007 0.021°
(0.015) (0.019) (0.015) (0.017) (0.008) (0.010) (0.007) (0.005)

Social group controls Yes Yes Yes Yes Yes Yes Yes Yes

Geographic control Yes Yes Yes Yes Yes Yes Yes Yes

Observations 24,973 21,605 20,904 20,317 22,940 21,485 22,168 22,177

Notes: Linearized standard errors in brackets (taking account of the survey design). Coefficients in bold are statistically significantly different from their corresponding

2018-19 values at p < 0.1 or lower.
2 p < 0.01.
b p < 0.05.
‘p<o0.l.

to increase access to childcare and direct income support for families. On
the demand side, measures should focus on job creation, reducing
gender discrimination in the labour market, and enhancing women’s
access to traditionally male-dominated industries. Additionally, it is
important to work towards improving the conditions of children living
in households primarily led by women or where the predominant in-
come comes from casual labour. These policies should prioritize uni-
versal measures while considering factors such as living in a rural or
urban setting and ensure they do not increase the time burden of
women.
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There are four main limitations of using the PLFS to estimate poverty. First, the available variable of consumption is the UMPCE, which is derived
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from a few questions rather than a detailed consumption questionnaire as in the Consumer Expenditure Survey. This variable has the purpose of
classifying households into aggregated consumption classes, and not estimating household expenditure consumption [27]. As a result, poverty es-
timations using the UMPCE are only approximations and should be approached with caution.

Second, the method of collecting the UMPCE variable changed in the fourth round of the survey (July 2020-June 2021). Before the fourth round,
the field staff collected data on three aggregated consumption categories (i.e., usual expenditure for household purposes, annual purchase of
household durables, and imputed values of consumption from wages in kind, home-grown stock, and free collection) to build a single monthly
variable. Beginning in the fourth round, the field staff started to collect data on five aggregated consumption categories (i.e., usual expenditure for
household purposes excluding items like clothing and footwear, annual purchase of household durables, imputed values of consumption from wages in
kind and free collection, imputed values of consumption from wages in kind, home-grown stock, and annual expenditure on items like clothing and
footwear) to build five separated variables of household usual consumption expenditure from each of these aggregations. In addition, the
consumption-related questions from the updated questionnaire have more details, giving more examples of items that compose the categories.

Due to the increased number of categories and additional details in the questionnaire, we expect that the new methodology will result in less
underestimation of the usual consumer expenditure values compared to the prior methodology, especially for rural areas where imputed values of
wages in kind and home-grown stock are more important than urban areas. Nevertheless, the categories remain similar, so we assume that the data
collected by different rounds are still comparable to one another, although we maintain caution when analysing the outcomes.

Third, as Roy and van der Weide [12] argued, the UMPCE is subject to measurement error because of the high level of aggregation and the
questionnaire design that requires a strong level of attention from respondents to accurately categorise expenses by component. These authors
identified a large occurrence of consumption values around multiples of Rs. 1000, suggesting that this rounding error can significantly bias poverty
estimations. We expanded their analysis by showing the share of values that are multiples of Rs. 500, Rs. 1000, and Rs. 2000 for all the PLFS rounds
and all consumption variables that form the total household’s usual consumption expenditure (see Table A1). We confirm that the large occurrence of
rounding is present in all PLFS rounds.

Fourth, another potential source of problems with the data was the interruptions of data collection during the COVID-19 pandemic. The PLFS
fieldwork was suspended for the first time in March 2020 until June 2020 and suspended again in April 2021 until June 2021. Both interruptions had
spillover effects on the data collection for the subsequent quarters, and the delayed samples were collected retrospectively with reference to their
original quarter'’.

Table Al
Percentage of reported household consumption expenditure values that are divisible by 500, 1000, and 2000 by PLFS rounds

500 1000 2000

2017-18 2018-19 2019-20 2020-21 2021-22 2017-18 2018-19 2019-20 2020-21 2021-22 2017-18 2018-19 2019-20 2020-21 2021-22

Usual consumer 85.61 81.86 76.08 69.90 65.75 60.95 40.95 38.78 36.58

expenditure

Usual consumer 71.58 74.96 54.45 54.55 31.22 31.25
expenditure for

purposes out of

goods and services

Expenditure on 81.03 81.28 66.74 60.16 42.32 36.24
purchase of items

like clothing,

footwear etc.

Expenditure on 80.29 78.22 68.94 62.23 51.58 45.27
purchase of

durables like

bedstead, tv,

fridge etc.

Imputed value of 71.08 71.02 61.29 61.15 53.07 54.97
usual

consumption out

of homegrown

stock

Imputed value of 61.27 53.04 52.02 44.08 47.24 40.65
usual

consumption from

wages in kind, free

collection, gifts

etc.

Note: Between 2017-18 and 2019-20 consumption expenditure was collected in only one variable. From 2020-21 onwards, consumption expenditure started to be
collected in five variables.

Appendix B. Additional outcomes on occupation classification

a) Fuzzy consumption-based poverty

11 For more details, refer to the website: https://pib.gov.in/PressReleaselframePage.aspx?PRID=1833855.
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Y = Fuzzy consumption-based poverty, Rural areas
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Fig. Al. Interaction between the number of children and HH main occupation type, predictive margins, Rural areas Notes: Predictive margins with 95 % confidence
intervals (taking account of the survey design).

Y = Fuzzy consumption-based poverty, Urban areas
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Fig. A2. Interaction between the number of children and HH main occupation type, predictive margins, Urban areas Notes: Predictive margins with 95 % confidence
intervals (taking account of the survey design).
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Y = Fuzzy consumption-based poverty, Rural areas
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Fig. A3. Interaction between the number of working-age women and HH main occupation type, predictive margins, Rural areas Notes: Predictive margins with 95 %
confidence intervals (taking account of the survey design).

Y = Fuzzy consumption-based poverty, Urban areas
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Fig. A4. Interaction between the number of working-age women and HH main occupation type, predictive margins, Urban areas Notes: Predictive margins with 95 %
confidence intervals (taking account of the survey design).

b) Fuzzy income poverty
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Y = Fuzzy income-based poverty, Rural areas
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Fig. A5. Interaction between the number of children and HH main occupation type, predictive margins, Rural areas Notes: Predictive margins with 95 % confidence
intervals (taking account of the survey design).
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Fig. A6. Interaction between the number of children and HH main occupation type, predictive margins, Urban areas Notes: Predictive margins with 95 % confidence
intervals (taking account of the survey design).
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Y = Fuzzy income-based poverty, Rural areas
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Fig. A7. Interaction between the number of working-age women and HH main occupation type, predictive margins, Rural areas Notes: Predictive margins with 95 %
confidence intervals (taking account of the survey design).
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Fig. A8. Interaction between the number of working-age women and HH main occupation type, predictive margins, Urban areas Notes: Predictive margins with 95 %
confidence intervals (taking account of the survey design).
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Appendix C. Heterogeneous effects from the HCR specification

a) Multiple potential headcount ratio (MCHCR)

Y = MCHCR, Rural areas
2018-19 2019-20 2020-21 2021-22
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—— Self-employed in agriculture —— Casual labour in agriculture

Fig. A9. Interaction between the number of children and HH labour characteristics, predicted probabilities, Rural areas Notes: Predictive margins with 95 % CI
(taking account of the survey design and following Rubins’ rule).

Y = MCHCR, Urban areas
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Fig. A10. Interaction between the number of children and HH labour characteristics, predicted probabilities, Urban areas Notes: Predictive margins with 95 % CI
(taking account of the survey design and following Rubins’ rule).
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Y = MCHCR, Rural areas
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Fig. A11. Interaction between the number of working-age women and HH labour characteristics, predicted probabilities, Rural areas Notes: Predictive margins with
95 % CI (taking account of the survey design and following Rubins’ rule).

Y = MCHCR, Urban areas
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Fig. A12. Interaction between the number of working-age women and HH labour characteristics, predicted probabilities, Urban areas Notes: Predictive margins with
95 % CI (taking account of the survey design and following Rubins’ rule).
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Y = MCHCR, Rural areas
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Fig. A13. Interaction between the number of children and HH main occupation type, predicted probabilities, Rural areas Notes: Predictive margins with 95 % CI
(taking account of the survey design and following Rubins’ rule).

Y = MCHCR, Urban areas
2018-19 2019-20 2020-21 2021-22

r ] T 1 I 1] 1 f I i 1 i ¥ L)
o 1 2 3 o 1 2 2 ] 1 2 3 0 1 2 3
# of children (18] in HH # of children (18) in HH # of children (<18) in HH # of children (<18) in HH
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Fig. A14. Interaction between the number of children and HH main occupation type, predicted probabilities, Urban areas Notes: Predictive margins with 95 % CI
(taking account of the survey design and following Rubins’ rule).
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Y = MCHCR, Rural areas
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Fig. A15. Interaction between the number of working-age women and HH main occupation type, predicted probabilities, Rural areas Notes: Predictive margins with
95 % CI (taking account of the survey design and following Rubins’ rule).

Y = MCHCR, Urban areas
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Fig. A16. Interaction between the number of working-age women and HH main occupation type, predicted probabilities, Urban areas Notes: Predictive margins with
95 % CI (taking account of the survey design and following Rubins’ rule).

a) Income-based headcount ratio (IHCR)
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Y = IHCR, Rural areas
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Fig. A17. Interaction between the number of children and HH labour characteristics, predicted probabilities, Rural areas Notes: Predictive margins with 95 % CI
(taking account of the survey design).

Y = IHCR, Urban areas
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Fig. A18. Interaction between the number of children and HH labour characteristics, predicted probabilities, Urban areas Notes: Predictive margins with 95 % CI
(taking account of the survey design).
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Y = IHCR, Rural areas
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Fig. A19. Interaction between the number of working-age women and HH labour characteristics, predicted probabilities, Rural areas Notes: Predictive margins with
95 % CI (taking account of the survey design).

Y = IHCR, Urban areas
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Fig. A20. Interaction between the number of working-age women and HH labour characteristics, predicted probabilities, Urban areas Notes: Predictive margins with
95 % CI (taking account of the survey design).

27



F.F. Tavares and A. Carraro Socio-Economic Planning Sciences 98 (2025) 102110

Y = IHCR, Rural areas
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Fig. A21. Interaction between the number of children and HH main occupation type, predicted probabilities (Y = income poverty), Rural areas Notes: Predictive
margins with 95 % CI (taking account of the survey design).

Y = IHCR, Urban areas

2018-19 2018-20 2020-21 2021-22
8 8 ER &
7 7 7 7
8- 8 - 5 6
5- 5 5 5
4 4 4 4
3 3 3+ 3
_2 -~
0- 0- o- o-
1§ ] 1 1 r 1 1 r 1 i 1 T
0 1 2 3 0 1 2 3 0 1 2 3 0 1 2 3
# of children (18} in HH # of children (<18) in HH # of children (<18) in HH # of children (<18} in HH
—  Highskill levels lland ¥~ —— Low skills, levels | and I

Fig. A22. Interaction between the number of children and HH main occupation type, predicted probabilities, Urban areas Notes: Predictive margins with 95 % CI
(taking account of the survey design).
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Y = IHCR, Rural areas
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Fig. A23. Interaction between the number of working-age women and HH main occupation type, predicted probabilities, Rural areas Notes: Predictive margins with
95 % CI (taking account of the survey design).

Y = IHCR, Urban areas
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Fig. A24. Interaction between the number of working-age women and HH main occupation type, predicted probabilities, Urban areas Notes: Predictive margins with
95 % CI (taking account of the survey design).
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