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Abstract
In response to the beginnings of the COVID-19 pandemic, India’s government insti-
tuted a severe nationwide lockdown in late March 2020. In this paper, we analyze
household survey data on income from an Indian state, Punjab.We analyze the impacts
of the pandemic and lockdown on total household income, as well as its components,
including wages, business income and transfers. This paper innovates in this area
by using Poisson Pseudo Maximum Likelihood estimation to deal with the skewed
distributions of various income components, as well as quantile regressions to exam-
ine differential impacts across the income distribution. We examine the differences
between rural and urban households, differential impacts on female-headed and laborer
households, and the time pattern of impacts.We find that rural households experienced
more persistent income declines than urban households, and their wages suffered rel-
atively more. Households with daily laborers were most badly affected, and this was
especially true at the bottom of the income distribution.
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1 Introduction

The Indian government initially responded relatively quickly to the COVID-19 pan-
demic, with a severe nationwide lockdown that was imposed at a few hours’ notice.
Almost all economic activity initially came to an abrupt halt. The result was one of the
greatest declines in economic activity among all the nations of the world. The lock-
down began in late March, 2020, and was relaxed gradually, beginning in late May of
that year, though—as was the case in most countries—unequal access to digital tools
and different job requirements led to an uneven return to normal activity. India’s GDP
shrank by 23.9% year-on-year in the April–June quarter of 2020. The subsequent eco-
nomic recovery was impacted by a resurgence of the pandemic in 2021, which began
to overwhelm the health system. As is the case for other countries, new variants and
local and regional waves have continued to challenge policymakers. Again, as was
the case for other nations, various state and local restrictions were implemented in
response to resurgent cases, but there was not another national lockdown, because
of the fear of economic damage. However, even sub-national lockdowns, or simply
the behavioral responses to the pandemic itself, such as postponing investment or
self-restricting mobility, can have significant economic impacts.

These continued threats and challenges imply that quantifying and mapping the
economic impacts of the initial lockdowns is still relevant. Indeed, there is a growing
literature that seeks to assess the effects of the pandemic and lockdowns. Amajor focus
has been on income and employment effects, but food consumption and food security
have also been of concern to analysts. In this paper, we use data from an ongoing large-
scale survey to quantify the impacts of the initial lockdown on household income and
its components, particularly wages and business income, which are by far the two
largest components of household income. We distinguish between the effects on rural
versus urban households, and investigate the possibility of more severe impacts on
potentially vulnerable households, specifically, those with daily laborers, and those
headed by women. We also examine how the impacts differed across different parts
of the income distribution.

In this analysis, we focus on the state of Punjab in India. Several factors influenced
this choice. Punjab is in the middle of state per capita income rankings within India,
with a fairly representative mix of agriculture, industry and services.1 It does not
have any major metropolitan city, nor any very poor regions. It is fairly compact
and relatively geographically homogeneous. While it is a smaller state in the Indian
context, its size is not trivial: in population size, it is comparable to the world’s 50th
most populous nation.2 We also have some qualitative information on the progression
of the pandemic in Punjab, which provides additional context for the formal empirical

1 The definitions of these categories can vary, but using one classification, the percentages for Punjab are
26.7, 23.3 and 50, respectively, whereas the national percentages are 16.8, 25.9 and 46.7. Thus, Punjab has
a slightly higher share in agriculture, reflecting its importance in growing wheat and rice for the national
food procurement system. Punjab also has the smallest discrepancy between urban and rural standards of
living among the major Indian states (Shergill 2021). We consider the implications of this characteristic
when discussing our results.
2 To provide further contexts of scale, Punjab’s population is greater than all of Australia, and more than
five New Zealands.
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analysis. Another possible advantage of focusing on Punjab is that it has a relatively
high penetration of cellphones, reducing the impact of the lockdown on accessibility
of survey respondents.

While no individual state can be fully representative of the whole country, we
will argue that the positive characteristics of Punjab, combined with our results on
the impacts of the lockdown on relatively vulnerable segments of the population,
justify our choice. Specifically, the fact that we estimate significant additional negative
impacts on income for rural laborer households in a state such as Punjab,with relatively
favorable conditions, reinforces concerns about the damage done by the lockdowns
to vulnerable populations in India (e.g., Afridi et al. 2022). We will also discuss our
results in the context of studies using national or multi-state data, as well as studies
using data that is more concentrated, either geographically or by population segment.
Our analysis can be viewed as filling a gap between these two kinds of studies, in
terms of geographic scope.

Our data is from a household-level survey conducted by the Centre for Monitoring
the Indian Economy (CMIE), the Consumer PyramidHousehold Survey (CPHS). This
dataset has been extensively used by researchers to examine the economic impacts of
the pandemic and national lockdown in India, while many other studies have used
explicitly commissioned post-pandemic surveys.3 While the CPHS dataset has been
questioned in terms of its post-pandemic coverage (and its representativeness) (Dreze
and Somanchi 2021; Somanchi 2021), it has a major advantage of providing more
extensive pre-pandemic data, which can be used to establish the impacts of the pan-
demic, rather than recall for a short period, to which solely post-pandemic surveys
are restricted.4 We will argue in our later discussion that any biases in the coverage
of the CPHS would strengthen the main message of our analysis. CMIE collects this
data across almost all of India’s states, and while there are clearly advantages to a
nationwide analysis, it is also true that each state has different economic and social
characteristics, and separate analysis can be helpful. For example, a post-pandemic
survey of farmers in two states, Odisha and Haryana, which have quite different agri-
cultural economies, discovered very different responses and accounting of impacts
(Ceballos et al. 2020). Another reason for a focused analysis is that the spread of
the pandemic and policy responses also differed across the various states, even in the
context of a national lockdown. In our later discussion, we compare the results with
more geographically concentrated studies, and with other studies for India as a whole,
as well as including our own analysis comparing Punjab with the neighboring state of
Haryana.

As already noted, several recent studies have documented the impact of India’s
severe lockdown and the resulting economic disruption and human distress. As also
noted, to better understand the magnitude of this effect, numerous surveys were insti-
tuted by various organizations and researchers, soon after the lockdown, going well
beyond normal data-collection efforts. Dreze and Somanchi (2021) review and analyze

3 Centre for Sustainable Employment (2020) provides a compilation of such surveys. While there have
been concerns about representativeness of the CPHS, various results from the CPHS and from specially
commissioned surveys are in broad agreement, because the impacts of the lockdown were so large.
4 Some geographically-focused post-pandemic surveys were able to piggyback on ongoing studies, such
as Ceballos et al. (2020) and Gupta et al. (2020).
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Table 1 Summary statistics of real income from trimmed sample

Mean Median Min Max Q1 Q3

Total income 22539.70 14695.08 66.05 334995.84 8553.65 26408.45

Wages 9569.04 6262.36 0.00 330639.24 0.00 12797.72

Business income 10014.94 0.00 0.00 334995.84 0.00 10695.19

Capital income 41.10 0.00 0.00 82850.04 0.00 0.00

Transfers 3208.70 137.17 0.00 332610.22 0.00 213.90

Observations 439859

much of the early evidence, documenting sharp drops in employment and income. In
some of these studies, urban households were found to be worse affected than rural
households:we compare this findingwith our own results in our later discussion. These
authors also provide their own analysis of the CPHS data, tracking per capita income
by quartile, and finding greater percentage declines for the bottom two quartiles versus
the top quartile (Dreze and Somanchi 2021, Figure 1). Income declines in the vari-
ous surveys summarized by these authors were over 40% in magnitude (Dreze and
Somanchi 2021, Table 1). Also, in a very early post-lockdown analysis, Bertrand et al.
(2020) used April 2020 CPHS data to report that the second and third quintiles of the
income distribution had been worst affected, as measured by the proportion reporting
income losses. Subsequently, Gupta et al. (2021) used the CPHS data at the all-India
level, and found that incomes of daily laborers fell much more than those of salaried
workers (75% vs 35%), but that incomes fell more for individuals from households in
the highest income quartile. These authors also provided a detailed analysis of occu-
pational adjustments associated with the lockdown’s disruptions of the economy, and
of the labor market in particular.

Focusing on gender inequalities in impacts, Abraham et al. (2022); Afridi et al.
(2021) and Deshpande (2020) all used the CPHS data to demonstrate that women’s
employment was muchmore severely affected by the lockdowns, along with other dis-
proportionate negative impacts. For example, Deshpande conditioned this conclusion
on the fact that India has a very unequal gender employment ratio, with women much
less likely to be in the (formal) labor force: allowing for this, they were worse affected
by the lockdown. Afridi et al. (2022) used national CPHS data, combined with admin-
istrative data, and found that regions of India that had greater state capacity to deliver
on the MG-NREGA scheme did better in cushioning job losses from the pandemic,
especially for rural women, and even more for the less skilled in that category.

Various other studies have used a range of data sources. For example, based on
their own extensive post-lockdown survey, Kesar et al. (2021) also found substantial
declines in employment and income.Other survey-based studies—typically geograph-
ically narrow—that estimated the impacts of the lockdowns on agricultural livelihoods
include Ceballos et al. (2020), Ceballos et al. (2021), Jaacks et al. (2021), Kesar et al.
(2021), Habanyati et al. (2022), Gupta et al. (2020), and Suresh et al. (2022). In an
alternative to relying on survey data, instead measuring economic activity through
electricity usage, Beyer et al. (2023) and Beyer et al. (2021) documented the pattern
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of declines in economic activity across India, using both light intensity and electricity
consumption data.5

We contribute to this literature by using an approach that is different fromother stud-
ies in several dimensions. By focusing on a single state, we are able to reduce possible
complications arising from differences in economic structure, policy implementation,
and initial conditions across states. Also, our focus is specifically on differences in
the effects of the pandemic and lockdown on rural versus urban households, and on
households that might be more vulnerable, including those at the lower end of the
income distribution, those with daily laborers (overlapping significantly with the first
category), and those headed by women. Other studies have found that women’s liveli-
hoods were affected disproportionately by the lockdown. In our analysis, we cannot
isolate this impact in general households (those not necessarily female-headed), since
the data on individual contributions to household income is not complete.However, in
our data for Punjab, it appears that there was an additional negative impact that was
concentrated among urban female-headed households in the upper part of the income
distribution.

We also contribute to the existing literature by using CPHS data in a manner that
allows for a more rigorous comparison of pre-pandemic and post-lockdown economic
outcomes, something that is typically not possible with studies relying solely on post-
lockdown surveys. Compared to other studies that employ CPHS data, we use a longer
stretch of pre-pandemic data to anchor our estimates of the impact of the lockdown.
Our paper also makes a methodological contribution by using the Poisson Pseudo-
Maximum Likelihood (PPML) method to estimate the impacts of the lockdown on
incomes. We follow Wooldridge (1999) in using PPML to consistently estimate the
effect of COVID-19 and its induced lockdown on different components of income,
even when there are a large number to zero-valued observations of the dependent
variable. This is the case with some of the components of the income data. Usually,
when there are a large number of zeroes in the data, a standard practice is to ignore the
clustering at zero, or to limit the sample to include only nonzero observations, or to
use a two-step method based on a truncation model, which is not quite appropriate in
this context. We do investigate these alternative methods for robustness of our results.

The remainder of the paper is structured as follows. The next section describes our
data, and describes the empirical framework we use. Specifically, we use PPML as an
estimation method that is meant to deal with the skewness and zero observations in the
distribution of income and its components. Additionally, we supplement that approach
with the alternative of quantile regressions, to examine differences in impacts across
the income distribution.We allow for differences between rural and urban households,
and for different impacts for households with daily laborers or that are headed by

5 This is far from an exhaustive list of discussions or empirical analyses of the Indian case. For overviews
see Basu et al. (2020) and Ray and Subramanian (2020). Azim Premji (2021) provide a detailed analysis of
employment losses across India, relying primarily on CPHS data, but including other data sources as well.
Gupta and Kishore (2022) used the CPHS data to examine the effects of unemployment on consumption
expenditure, but only for the economy prior to the pandemic. Various studies have examined similar impacts
in other developing countries: for example, Egger et al. (2021) documented large employment and income
declines in nine developing countries across three continents. Several other single-state studies for India
have focused on epidemiological data, e.g., Malani et al. (2020), Malani et al. (2021), and Mohanan et al.
(2021).
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females. We also examine time patterns of impacts in the months following the initial
lockdown. The third section presents all our regression results. The fourth section
follows with a discussion of these results in the context of the existing literature. The
final section is a summary conclusion.

2 Data and empirical framework

2.1 Data

For the purpose of our analysis we use monthly income data collected through house-
hold surveys by CMIE for the Indian state of Punjab, covering the period from June
2014 to August 2020. The survey design for this period was revised in 2013 based
on the sampling frame of Census 2011 (versus the earlier frame of the 2001 Cen-
sus), due to a revised classification of towns and the introduction of town-size-based
strata. It uses multi-stage sampling, with villages and towns as primary sampling units
and households as ultimate sampling units. Households are selected using circular
systematic sampling. Our data consists of 318,953 observations on urban households
and 120,906 observations on rural households. While it is a panel survey, with each
household sampled thrice every year (i.e. every four months), the scope of the survey
was expanded during the sample period, so there is not a single value for how often
households were sampled over that period. Therefore, we organize and analyze the
observations asmonthly cross-sections, rather than as a panel of individual households.

The data includes information on monthly time series of income for sample house-
holds along with its composition by sources. In the survey, total income is recorded
independently, and not just as a sum of the various components. In some cases, infor-
mation on specific components or sources is not recorded in the survey, so the sum
of reported components does not always equal reported total income. The sources
consist of wages earned by members of the household, dividends received on equity
investments, interest income from savings, business income from various sources,
and various types of transfers, including provident fund withdrawals, pension pay-
ments, insurance payments, government welfare transfers and miscellaneous private
transfers such as gifts. We analyze the data by combining the different sources into
four major income categories. Firstly, we consider wages and secondly, estimate the
impact on business income, defined as the sum of income from businesses, produc-
tion activities and rental income. Business income includes income from farming, as
well as other kinds of business profits (Jha and Basole 2022, pp. 8–9). In the case
of business income for agricultural households, components include income from
leasing out land, selling crops, animal husbandry and non-farm businesses (Ministry
of Statistics and Programme Implementation 2021).6 In non-agricultural households,
based on the employment structure of the economy (Singh and Singh 2022), business
income is associated with light industry, hospitality, retail and wholesale trade, and
transportation. We also consider capital income and transfers, where capital income

6 The average income for an agricultural household from this government sourcewasRs. 26,701 in 2018-19.
After deflation, this is comparable to the sample mean of Rs. 21,622 for rural households in Table 1.

123

212



Impacts of the COVID lockdown on household incomes…

is the income from dividends and interest payments, while transfers include monetary
payments to households in form of provident fund payments, insurance, government
transfers, private transfers and pensions.

Since the original data are in nominal terms, we deflated all the data by the monthly
nationalCPI.7Wealso trimour sample by0.1%oneach tail, using total income todo so,
to ensure that outliers are not driving our results. Wemake use of the weights provided
by the CPHS (Vyas 2020b) to generate population estimates for Punjab from our
representative sample for the state.Householdweights andhousehold-memberweights
for state-level estimates assign a weight to each household and to each household
member, such that each householdweight represents a different number of households;
and each household member weight represents the number of people in the total
population for each wave. We only use state-level household weights, since our unit
of analysis is the household. This is defined as number of households in a given wave
in the Punjab sample, divided by CMIE’s projected number of households in the
state. CMIE makes population projections at the town level for urban areas, and for
the relevant rural regions in each district. Using growth rates of population observed
between 2001 and 2011, the projections are quite granular, though there is a chance
that they might overestimate population numbers if growth rates were declining.

Two issues that arise for the CPHS data, or potentially any other COVID-related
surveys, are those of selection and attrition. The basic CPHS survey methodology for
capturing poorer households has been questioned (Somanchi 2021), and this prob-
lem was compounded when the lockdown was imposed, since the data collection had
to shift exclusively to telephonic means. Dreze and Somanchi (2021) point to the
lower response rates after lockdown, and raise questions about claims that the sur-
vey remained representative (Vyas 2020a). In particular, the concern is that poorer
households would be under-represented after the lockdown. However, Vyas (2021)
addresses these criticisms, arguing that the adjustment for non-response rates used is
standard, and non-distorting. Furthermore, this is likely to be less of an issue in our
case, since our analysis allows us to consider pre-pandemic and lockdown data in ways
that mitigate concerns of under-representation of poor households in the lockdown-
period data.

Specifically, we follow the procedure laid out in Vyas (2020b), and multiply state-
level weights with an adjustment factor to account for non-response in the sample. The
adjustment factor is defined as the probability of responding to the survey conditional
on the household being selected for sample. As a result, our sample weight for a
household can be defined as the probability of the survey being completed for the
household.8 In any case, we will argue that the direction of our results means that their

7 We used national CPI due to continuity of the series throughout the period of our analysis, whereas
there are missing values in the state level CPI indices during the initial few months of pandemic. We
have not used rural and urban CPI indices separately for rural and urban households, since there is a high
correlation between the overall CPI and the CPI rural–urban indices. Some robustness checks indicated that
the regression estimates show similar patterns when rural and urban CPI deflators are used.
8 A reviewer suggested an alternative approach, using a probit or logit model to estimate response proba-
bilities based on household characteristics. However, when we attempted this method, it ran into estimation
issues, and we have therefore stuck with the CPHS-recommended weighting procedure, which is meant to
achieve a similar goal: see Vyas (2020b). The characteristics of the state of Punjab, including high telephone
penetration and low poverty rates, may help to reduce any remaining response biases.
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message would be strengthened if there are biases associated with selection and/or
attrition.9

Sample weight = P(HH is surveyed) = P(Response|HH is selected) × P(HH is selected)

Sample weight = HH weight for state × HH weight for non-response for state

Table 1 presents the summary statistics of real income for the trimmed sample. Even
after trimming, as one would expect, there is considerable dispersion or inequality in
the distribution of income and its components. Several of the components of income
are highly concentrated, and the distributions are skewed: this is also a consideration
for our estimation approach. For a large fraction of households, capital income i.e.
income from dividends on equity investment and interest on savings is zero: indeed,
capital income is received by less than a quarter of the sample. Similarly, a large portion
of households did not receive any transfers, or they received small transfers, and 300
Rupees is the 75th percentile of the distribution of this component. On the other hand,
some individuals received very large transfers, reflecting the heterogeneous nature of
the category, which has somewhat of a bi-modal distribution as a result. For most
households, therefore, total monthly income consists of wages/salaries and, to a lesser
extent, business income: the latter category tends to be positive for the top half of the
overall distribution, though it is much more substantial on average than capital income
or transfers for those who do receive it.

Twoother characteristics of the data areworth noting, beyond the summary statistics
in Table 1.10 First, households typically do not have both wage income and business
income, reflecting occupational or class distinctions. For urban households, 37.18
percent had positivewage income, and 54.42 percent had positive business income, but
only 4.38 percent had positive income in both categories. For rural households, there
was a little more overlap, with the corresponding percentages being 48.48, 60.50 and
9.50. Second, there is clear seasonality in the income of rural households, butmuch less
so for urban households. Moreover, this seasonality is manifested in business income,
concentrated at the times of the two harvests, in April–May and October–November.
More specifically, based on month-by-month averages for the sample, in the case of
urban households, wage income ranges from Rs. 10,016 to Rs. 10,604, while business
income is slightly more variable, ranging from Rs. 7915 to Rs. 10,440, with October,
November and April being the months with highest business income. In the case of
rural households, wage income is also quite steady, monthly averages ranging from
Rs. 6956 to Rs. 8020. On the other hand, business income is highly seasonal for rural
households: the monthly low is Rs. 2751, in February, while the high is Rs. 41,300,
in April. The monthly averages are also especially high for October (Rs. 30,041) and
November (Rs. 21,683), with still-high levels of around Rs. 10,000 in May, December
and September. By contrast, in the remaining months, average business income is
around Rs. 5000 or less.

9 The more general issues of survey design for the CPHS are still the subject of debates: see, for example,
https://economictimes.indiatimes.com/opinion/et-commentary/bias-it-is-cmie-chiefs-defence-of-cphs-
survey-elicits-fresh-critical-response-from-jean-drze-anmol-somanchi/articleshow/83889707.cms.
10 The detailed tables are available from the authors.
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A few other remarks on Table 1 are in order. Some categories of income are not
included in the table, and total income is not always equal to the sum of income
attributed to all sources—that is, the source of some part of total income may not be
identified for some observations. It is also important to remember that the median and
quartiles for total income and components are calculated for each individual distribu-
tion. For example, medianwage income andmedian business income can occur in very
different observations, and neither necessarily corresponds to the household observa-
tion that is the median of the total income distribution. In some cases, different income
components are negatively correlated. For example, there are 46,145 observations for
which both wage and business income are zero (just over 10% of the sample). Just
over half of these observations correspond to retired or elderly people, who receive
pensions. For this subgroup, transfers have a relatively tight distribution, with quartiles
of Rs. 14,622, Rs. 18,328 and Rs. 23,367. This contrasts with the smaller transfers in
the population at large, where the median is only Rs. 108, reflecting minimal transfers
associated with government welfare schemes.11 Finally, note that, for conciseness, we
have combined different kinds of transfers, as for business income and capital income,
which may mask some heterogeneity in their character.

Since much of our analysis compares the impacts of the lockdown across three
characteristics—rural versus urban, female-headed versus not, and laborer household
versus not—Table 1 is supplementedwith a breakdownby each of these characteristics.
Observations on female-headed households make up 17.4 percent of the sample, and
their mean income is 94.5 percent of that of non-female-headed households. Rural
households are 27.5 percent of the sample, and their mean income is 94.5 percent
of that of urban households. In these two cases, therefore, there is relative parity in
incomes. However, households with laborers are 20.6 percent of the sample, and their
mean income is only 37 percent of that of households without laborers. This category
will therefore be an important focus of the analysis.

2.2 Empirical strategy

The empirical strategy has two parts—the first part analyzes the impact of COVID-
induced lockdowns on household-level income, using the Poisson Pseudo Maximum
Likelihood (PPML) method. The use of pseudo maximum likelihood methods for
the estimation of Poisson regression models has been extended beyond count data,
mainly in the estimation of multiplicative models where the dependent variables are
non-negative and have a skewed distribution. The consistency of the Poisson estimator
is only dependent upon the correct specification of the conditional mean without
specific distributional assumptions (Gourieroux et al. 1984), including the presence
of heteroscedasticity (Santos Silva and Tenreyro 2006). In the second part, we use
standard quantile regressions to estimate the differential effects of the lockdowns
across different parts of the income distribution.

11 Another likely source of transfers for those without other income is private remittances (domestic or
international) from family members.
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As noted earlier (Table 1), the income distributions are skewed and, in the case of
individual components, have a large number of zeroes. For example, the 75th percentile
for capital income is a 0. While there are different possible methodologies to help deal
with the large number of zeroes, we use PPML because this non-linear estimator is
consistent even under the weakest assumptions.12 This rationale is irrespective of the
presence of zeros in the dependent variable, and, as Santos Silva and Tenreyro (2022)
observe in the context of a gravity model of trade, “the PPML estimates change very
little if the estimation is performed excluding the observations for which the dependent
variable is zero... observations where the conditional mean is close to zero have low
variance and therefore the residuals are close to zero for observations for which the
value of trade is small or zero. This implies that observations for which the dependent
variable is equal to zero have a very small contribution to the value of the pseudo
log-likelihood function, and therefore contribute little to the estimation results.”

The PPML estimator, β̂, is defined by Eq. (1).

β̂ = argmin
n∑

i=1

∑

t∈T

[
yit − exp(xitβ)

]2
(1)

As suggested in our discussion of the data, the nature of the survey data, even though
observations are at the household level, makes it preferable to focus on district-level
variation in terms of fixed effects. Districts are also a key administrative unit, and
unobserved heterogeneity is naturally captured at the district level. Therefore, in all
of our specifications that follow, we use district-year and district-month fixed effects,
with standard errors clustered at the level of both district-years and district-months.
The district-year fixed effects capture time trends as well as cyclical factors, and the
district-month fixed effects capture seasonality. Since we deflate our income data, the
district-year fixed effects should be picking up real growth effects: India’s growth rate
was relatively high over this period, though it was declining before the pandemic hit.
In any case, removing these growth effects is important for isolating the impact of the
pandemic.

Equation (2) presents our base specification to estimate the impact of COVID on
income, where Yi jt is the log of income from different categories for household i,
in district j at time t, and we include district-month and district-year fixed effects
to account for geographical variation as well as the cyclical and seasonal nature of

12 In addition to Gourieroux et al. (1984) and Santos Silva and Tenreyro (2006), see Wooldridge (1990,
1991, 1999), and especially Weidner and Zylkin (2021). PPML was found to be a credible alternative to
obtain a more robust estimate of the elasticity parameter under certain assumptions about the conditional
variance (Papke andWooldridge 1996; Manning andMullahy 2001). Davies and Guy (1987) recommended
using PPML in estimating the effect of spatial flows, and Santos Silva and Tenreyro (2006) extended this
to international trade. Blackburn (2007) highlighted the possibility of bias from OLS regression in the
Mincerian wage regression and suggested using PPML for removing the estimation bias. Motta (2019)
observed that the PPML estimates possess greater stability than OLS and two-part models. Santos Silva
and Tenreyro (2022) review and assess much of this literature. We also estimated the PPML model without
the zeroes, as well as a two-part model. The results are discussed later in the paper. We are grateful to the
editor for suggesting these alternatives as a robustness check, and for several methodological clarifications
and guidance.
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income. The log transformation 13 is an implication of the PPML method, as can
be seen from Equation (1).14 Our coefficient of interest is θ0, which estimates the
effect of the COVID-induced lockdown on (the log of) total income, wages, business
income, capital income and transfers. We also perform our analysis separately for
urban households and rural households, which is captured in Eq. (3). Next, Equation
(4) considers the possibility that there could be differential impacts of COVID for
households headed by females, and those with a daily-wage laborers, using a standard
difference-in-differences specification.15

Yi jt = α0 + βMonth
j t + βYear

j t + θ0COV I Dt + εi j t (2)

Y Rural/Urban
i j t = α0 + βMonth

j t + βYear
j t + θ0COV I Dt + εi j t (3)

Yi jt = α0 + βMonth
j t + βYear

j t + θ0Covidt + γ11Laborer + γ21Female

+θ2Covidt × 1Female + θ3Covidt × 1Laborer + εi j t (4)

While the baseline Eq. (1) estimates the average effect of the pandemic on different
categories of income, we also use an alternative specification to capture time-varying
effects by including monthly dummies for March through August. The monthly dum-
mies take the value of 1when income or an income component corresponds to the same
month, and is 0 otherwise. This allows one to capture themonth-by-month effects after
the beginning of the pandemic on different income categories. Specifically, Eq. (5)
is used to estimate these effects, where 1month is the corresponding monthly dummy.
Our coefficients of interest are θ0, θ1,... θ5, where θ0 measures the effect of the COVID
pandemic and lockdown on income or its component in March, θ1 measures the effect
for April and so on.

Yi jt = α0 + βYear
j t + βMonth

j t + θ0COV I D × 1March + θ1COV I D × 1April

+ θ2COV I D × 1May + θ3COV I D × 1June + θ4COV I D × 1July
+ θ5COV I D × 1August + εi j t

(5)

Finally, a plausible hypothesis, supported by other surveys and analyses, is that the
effect of theCOVIDpandemic and lockdowns differed by income levels of households.
To examine this hypothesis in a precise manner, we estimate quantile regressions.
Quantile regression allow us to look at the impact on households at different parts
of the total income distribution. In our analysis, the estimation is performed for each
decile of the income distribution, starting from the 10th percentile and going up to the
90th percentile. Equation (6) below presents our base specification for the quantile
regression model, associated with quantile τ , where θ0τ represents the effect of the

13 We represent the specification in log terms but we estimate the equation using PPML for the reasons
discussed earlier.
14 We discuss implications of this specification for the interpretation of coefficients in the results section.
We also estimated the model with the inverse hyperbolic sine transformation, which is an alternative method
for dealing with zeroes, and it did not change our results. These estimates are available from the authors on
request.
15 Here, “laborer” includes agricultural laborers, small & marginal farmers, hawkers and wage laborers.
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pandemic for households in decile τ of the natural logarithm of total income.16 As
in the case of the PPML estimates, we also analyze the data separately for rural and
urban households.

Q(log(Yi jt ))τ = α0τ + βMonth
j tτ + βYear

j tτ + θ0τCOV I Dt + εi j tτ (6)

where Q(log(Yi jt ))τ is the τ -th percentile.
Furthermore, we also allow for differential impacts on potentially vulnerable house-

holds at different points of the income distribution. Therefore, Eq. (7) is used to
estimate the impact of belonging to different types of households—laborer and female-
headed—at different parts of the income distribution.

Q(log(Yi jt ))τ = α0τ + βMonth
j tτ + βYear

j tτ + θ0τCovidt + γ1τ1Laborer + γ2τ1Female

+ θ2τCovidt × 1øFemale + θ3τCovidt × 1øLaborer + εi j tτ (7)

3 Results

In this section, we first present and summarize the results for our PPML regressions,
which use a method designed to cope with various distributional issues, including, but
not limited to, clusters of zero observations. The second part of this section presents the
quantile regression results, which allow one to see how the impacts of the lockdown
differed across the income distribution (Tables 2, 3, 4).

3.1 PPML estimates

The top panel of Table 5 presents the baseline results from using the PPML method
to estimate the effect of COVID on income and some of its components. As discussed
earlier, this method deals with the skewness of the distributions, zero values for some
cases of the dependent variable, and heteroscedasticity. As one would expect, the
average effect of COVID and the ensuing lockdown on total income, and its various
components was strongly negative. On average, in the first months after the lockdown,
total income decreased by 18%. Normally, the coefficient, in this case -.204, would
be interpreted as the percentage response of income to a change in the independent
variable. However, since the latter, i.e., the COVID dummy, is a 0-1 variable, it is more
accurate to use the formula �Y/Y = eβ − 1. So, for example, when β = −0.204,
eβ − 1 = −0.184, or an 18% decline. This adjustment is followed in all subsequent
calculations ofmarginal impacts of the pandemic ormembership in different subgroups
such as laborers.

Examining the impacts on components of income, there was a larger decrease in
business and capital income. Business income decreased by 36%while capital income

16 We use the log transformation here because total income is always positive. Using this transformation
makes the quantile regression results more comparable to the PPML results. In general, log transformations
of income as a dependent variable are commonly used to deal with the skewed nature of the income
distribution.
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Table 5 COVID impact on income and components

(1) (2) (3) (4) (5)
Variables Total income Wages Business income Capital income Transfers

Using PPML

Covid −0.204*** −0.163*** −0.451*** −1.836*** −0.016

(0.066) (0.054) (0.146) (0.292) (0.085)

Observations 439,859 439,859 439,859 314,859 230,338

Using log transformation

Covid −0.198*** −0.018 −0.193** −0.617*** 0.415***

(0.056) (0.030) (0.085) (0.181) (0.108)

Observations 439,859 250,058 169,100 26,432 161,075

With Rural interaction with Covid

Covid −0.244*** 0.066 −0.767*** −1.695*** −0.001

(0.053) (0.094) (0.102) (0.316) (0.091)

Rural −0.035 −0.358*** 0.382*** −0.116 −1.366***

(0.080) (0.051) (0.147) (0.274) (0.074)

Rural X Covid 0.074 −0.481*** 0.528*** −0.417 −0.056

(0.074) (0.146) (0.154) (0.627) (0.126)

declined by 84%. However, one should be cautious in interpreting the result for capital
income, given the extreme skewness of the distribution and its concentration in the
upper quartile of the sample. The general impact on wages was also negative and
statistically significant, but was smaller in magnitude than the decline in business
income, with a point estimate of 15%. Transfers, which are also relatively small and
with a skewed distribution, did not display a statistically significant decline in this
baseline regression.

Since the PPMLmodel depends on the precise nature of the conditional expectation
of the error term conditioned on the dependent variable being positive (Santos Silva
and Tenreyro 2006; Bellego et al. 2022) we compare the PPML results to the standard
log-linear model estimates with zeros excluded. These results are in the middle panel
of Table 5. For total income, where there are no zero values, the estimated impact of the
lockdown is similar to the PPML case. For wages, business income and capital income,
the impacts are smaller, and statistically insignificant for the case of wages. However,
for transfers,which have an unusual bimodal distribution, the estimated average impact
changes sign and becomes statistically significant. Intuitively, these log linear results
will underestimate the negative impacts of the pandemic and lockdown, since they
exclude cases where income from a particular source was lost, even temporarily.
On the other hand, if the zero observations are the result of exogenous qualification
restrictions, such as being a pensioner in the case of transfers, these latter results may
be more accurate. As noted, which model is preferable depends on the process that
generates zero values. A further discussion of alternative methods for handling zeros
is provided in the subsection on robustness checks, later in this section.
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The bottom panel of Table 5 extends the basic PPML estimation to include dum-
mies for rural households, and for rural households post-COVID. In the sample, rural
households had lower total incomes pre-COVID than their urban counterparts, though
business incomes were higher for rural households. The impact of the lockdowns was
particularly severe for wage incomes of rural households. Though business income
made up for this on average, since a small percentage of households have income from
both these two categories, the rural households that lost wage income may well have
been different from those that gained business income. Some of the business income
gains could have come from early attempts to stock up on supplies in anticipation of
continued mobility restrictions, as documented in Singh et al. (2020).

Table 6 extends the comparison of rural and urban households from the bottom
panel of Table 5 through separate estimations for the two categories. The top panel
reports PPML results, and the bottom panel reports log-linear estimates. Focusing on
the PPML results, from the first two columns for total income, we can see that the
impacts were fairly similar for rural and urban households, and, therefore, also similar
to the aggregate impact reported in top part of Table 5. As one would expect, the
differences in the coefficients match the coefficients of the dummies in the previous
table (e.g., for total income the rural and urban coefficients in Table 6 differ by 0.08,
versus the dummy coefficient of 0.074 in Table 5. But in the case of wages, the
disaggregation leads to markedly different results from the aggregate estimates. While
there is still no significant effect onwages for urban households separately, the separate
estimation reveals a large and statistically significant negative impact onwage incomes
of rural households: indeed, the coefficient implies a 32% decline in wage income for
rural households in the sample. In the case of business income, while the coefficient
suggests a decline for rural households, it is not statistically significant, sowe cannot be
confident about this effect. However, business income for urban households declined
by approximately 50%, according to the point estimate of the regression coefficient.
The results for capital income indicate that it decreased for both urban and rural
households, by similar magnitudes. By contrast, the results for transfers differ between
rural and urban households, with the former category showing a significant decline
(24%) in this component of income, even if that was small in absolute monetary terms.
The comparison of the log-linear results to the PPML results is very similar to that of
the combined rural–urban estimations in the previous table.

The nationwide lockdown was imposed in late March, with a few hours’ notice,
and by all accounts it was immediately severe and effective in many places. However,
restrictions began to be relaxed in May, with a gradual easing in the following two
months, but with some tightening again in August, as cases began to rise again. The
estimations in Tables 5 and 6 do not allow for the changing severity of the lockdown.
Therefore, to investigate the pattern of impacts over time, Table 7 presents the PPML
results for rural and urban households again, but now with an separate dummy for
each month of the initial lockdown, rather than a single post-COVID dummy. District-
month fixed effects continue to control for seasonality in these regressions, along with
district-year fixed effects to control for other temporal variations. Comparing these
results with the “average” impacts in Table 6, we see that the impacts on rural and
urban households had very different trajectories over time. Putting aside the impacts
in March, since the lockdown only came in that month’s final week, Table 7 shows
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that the decline in total income was considerable for urban households in April and
May, with no statistically significant impact on rural households in those two months.
However, in the following three months, while urban households’ incomes began to
recover, rural households experienced significant income declines during this stretch,
even as the lockdown began to be eased.

Examining the components of income, additional differences emerge from these
regression results. The wage income of rural households fell significantly in April and
May, but began to recover thereafter. The wage income of urban households showed
a similar pattern, but with smaller initial declines for April and May, and a complete
recovery thereafter. The stark difference in the time pattern of income declines between
rural and urban households is therefore traceable to business income, where declines
increased after May for rural households, while being partially reversed for urban
households. While capital income and transfers are much smaller magnitudes, and
more concentrated, they also display patterns of larger andmore persistent declines for
rural households, reinforcing the picture that the shock to the economy took longer to
affect rural households, but that these households had a more difficult path to recovery.
In the case, of transfers, while pensions and government welfare transfers were likely
unaffected, private remittances (including from abroad) might have been disrupted
by the pandemic. While we do not report the log-linear results here in the interests
of brevity, the comparison is similar to the previous ones, with a similar underlying
intuition: estimated negative impacts are smaller for wages, business income and
capital income, while the sign of the estimated impacts is mostly reversed in the case
of transfers.

Next, we explore the impact on categories of households that were potentially
more vulnerable to the lockdown, namely, those with laborers in the household, and
those headed by females. We begin with the basic pre- and post-COVID specification,
before tracing the monthly pattern of impacts. Table 8, presents estimates after adding
dummies for female-headed households and households with a daily-wage laborer
or in other marginal occupations. Furthermore, these dummies are interacted with the
COVID dummy variable, to identify the differential impacts of the pandemic and lock-
down on these two categories of household as a difference in differences. As before,
we estimate separate regressions for rural and urban households, and we examine total
income as well as the four components defined earlier. Even before the pandemic, total
incomes and most of the components were lower on average for both types of poten-
tially vulnerable households, but much more strongly for those with laborers, with
wage income a partial exception to this relative ranking. For laborer households in
rural areas, the pandemic and lockdown had a strong additional impact as compared
to other households, with a decline of 19% in total income beyond that experienced by
non-laborer, non-female-headed households. However, for urban laborer households,
while the additional impact on total income was negative, the point estimate is small
and insignificant. For this category, the decline in wages was large and significant—
an additional 64%. Interestingly, business income increased for both rural and urban
laborer households, albeit from a low base. This suggests that laborer households
responded to the loss of wages in the lockdown with income from business activities,
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though we do not have information on the exact nature of these alternatives.17 Inter-
estingly, transfers, which were much lower for these households before the pandemic,
increased more than for other households after the lockdown, which does suggest that
there was successful targeting of crisis-induced income support. By contrast, female-
headed households were not relatively as poor before the pandemic and lockdown,
but urban female-headed households did suffer additional negative impacts. While the
average decline was small in magnitude, it was large relative to the initial disparity.
Specifically, for these households, an initial income disadvantage of 5% was com-
pounded by a further 8% after the lockdown. We estimated these regressions with the
log-linear specification and zeros excluded, and the comparison mostly follows the
earlier patterns, so the results are again omitted for brevity.18

Table 9 continues the analysis of differential impacts for the two types of
households, and breaks down the results for laborer households and female-headed
households by month, in this case focusing on total income. Including monthly post-
lockdown dummies as in Table 7, and interacting them with the household-type
dummies creates some problems for the PPML procedure. Therefore, we adopt an
alternative approach, and estimate a separate regression for eachpost-lockdownmonth,
thereby benchmarking the impacts against pre-pandemic data for that month alone.
This alternative benchmarking has some advantages with respect to dealing with sea-
sonality, so it should not viewed as an inferior approach to estimatingmonthly impacts.
Compared to Table 8, the month-by-month impact on female headed households is
somewhat more visible than in the regressions that estimate average impacts over
time. In the case of laborer households, there appears to have been a rapid recovery
in total incomes, once lockdown measures were eased, the process of which began
in mid-May and continued in phases thereafter. Interestingly, these regressions also
reveal more clearly the seasonality of the income of rural laborer households, since
the baseline coefficients are much lower in April andMay than in the subsequent three
months. This implies that the immediate post-lockdown income reductions for these
households were on an already-low base. These kinds of considerations were perhaps
not factored into the manner in which the lockdown was implemented, although one
has to recall the urgencies and uncertainties at the time.19

3.2 Quantile regressions

The analysis for potentially vulnerable households suggests that the impacts of the
lockdown were more severe at the lower end of the income distribution: for example,
laborer households, alreadywithmuch lower incomes on average,were impactedmore

17 Though there are several differences, in our analysis, these results are broadly consistent with Gupta
et al. (2021), who examine occupational churn. Further comparison is in our discussion section. Abraham
et al. (2022) also report on significant shifts from formal employment to self-employment, which would
show up as business income in our data.
18 In particular, the Covid impacts for wage and business income of rural laborer households were similar.
One exception is the pre-Covid wage income for rural laborer households, where the sign is reversed when
zeros are omitted and PPML is not used. This presumably reflects the concentration of wage income for
these households.
19 Since we only did this for total income, the log-linear regressions were not estimated.
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severely than female-headed households or households without these demographic or
occupational characteristics. This conjecture is investigated and confirmed by quantile
regressions. Results for total income by decile, using quantile regressions, are in Table
10. The decline in income for the lowest decile after the lockdown was 50%, and this
negative impact was lower as one moves up the income distribution. In the middle of
the distribution, the average decline was 29%, and there was actually a small increase
in incomes at the top of the distribution, though this was only in the case of rural
households. Urban households in the lower deciles of the income distribution were
relatively worse affected than their rural counterparts, although one should note that
deciles can represent different levels for the two sub-populations.

Table 11 adds the two household-type dummies and interactions with the post-
COVID dummy to the quantile regression for all households, as reported in Table 10.
The reported coefficients are the post-COVID dummies, capturing average impacts
on total income at each decile. We see that the general pattern of decline in income
across the income distribution is similar to the previous regressions. For female-headed
households, their pre-COVID income shortfall compared to general households was
approximately the same across the income distribution. The pandemic and lockdown
did not result in any significant decline in their incomes, except at the very top of
the distribution, where it was about 7%. On the other hand, laborer households were
relatively much poorer than the general population in the upper deciles of the income
distribution. However, the decline in income for these households was much greater
at the lower end of the income distribution. In fact, a laborer household in the bottom
decile of the income distribution would have seen a decline of 67% in total income as
a result of the lockdown, with almost half of this decline being associated with their
laborer-household status.

Tables 12 and 13 disaggregate the analysis of Table 11 into separate quantile regres-
sions for rural and urban households. It is particularly noteworthy that the relative
income of labor households across the income distribution is very different for rural
and urban areas. Rural laborer households at the lower end of the income distribu-
tion were actually better off than non-laborer households in the same deciles, just the
opposite of what was true for urban households with daily laborers. This is consis-
tent with the occupational makeup of these households being different in rural versus
urban areas, the former includingmarginal farmers in the category, for example. Again
comparing rural and urban households across Tables 12 and 13,this difference in rel-
ative income over the different deciles of the distribution is also true, to some extent,
of female-headed households. The results show very clearly that the lockdown had
its most severe impact on the incomes of rural laborer households at the bottom of
the income distribution, more than wiping out any pre-pandemic advantage over non-
laborer households. For female-headed households, negative impacts occurred only at
the upper end of the income distribution for those in urban areas, but the magnitude of
these impacts, in percentage terms, was much lower than what was endured by poorer
labor households, both rural and urban.
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3.3 Robustness checks

As discussed earlier in the section, we performed robustness checks for the PPML
approach by excluding observations with zero values for the dependent variable and
estimating the corresponding log-linearmodels. The results of thesewere incorporated
in Tables 5 and 6, and briefly discussed in the context of Tables 7 and 8, though the
latter results are not reported in detail in the paper. The results were qualitatively
similar, and are available from the authors. Specifically, in the aggregate, the COVID
impacts on total income, wage income, business income and capital income were
almost all qualitatively similar when we excluded the zeros. The results for transfer
income were somewhat different because of the unusual distribution of transfers, and
the exogenous factors determining transfers for pensioners. Similar patterns were also
observed in the case of the differential effects of COVID on the incomes of rural versus
urban households, month-wise impacts, and female-headed or laborer households,
with the exception again of transfers. As another alternative to PPML, instead of
excluding zeros, we also estimated a two-part model. In the first stage, a logit model is
estimated to create predicted values for the dependent variable, and these are used in
a second-stage regression. For the basic estimation for the whole sample, the results
were not qualitatively different. Specifically, the estimates for the decline in the two
main income components, wages and business income, had magnitudes in between
those obtained from PPML and those from excluding observations with zeros. The
estimates for capital income and transfers did not fit this pattern, being smaller in
magnitude for the former, and larger in magnitude for the latter. However, estimations
for other specifications and subsamples had convergence problems, which limited the
use of this alternative estimation approach.20

We also estimated the various specifications and subsamples for data from the
neighboring state of Haryana. 21 This is not strictly a robustness check, but indicates
the generalizability of our conclusions.Almost all the resultswere qualitatively similar,
with the difference arising in the case of capital income (especially dividend income)
and transfer income (chiefly private transfers in this case). For both these categories,
the Haryana results indicated impacts in the opposite direction to those for Punjab.
One possible explanation is that Haryana borders the National Capital Region of
Delhi, and includes the information technology hub of Gurugram (formerly Gurgaon).
The presence of these very high-income pockets in Haryana could be influencing the
specific difference in results for Haryana. Much of the rest of Haryana’s economic
structure is similar to that of Punjab, and the otherwise similar results suggest at least
some connection between economic structure and lockdown impacts. The effect of
Covid is more pronounced on total income, wages and business income in Haryana
compared to Punjab. In the aggregate, the impacts of COVID were somewhat greater
for Haryana, but, with the exception of capital income and transfers, rural and urban
household impactswere similar in the two states. Themonthly patterns of impactswere
also mostly similar. One difference between the two states was that laborer households
in Punjab were more badly affected than in Haryana, with urban laborer households in

20 Again, we are grateful to the editor for suggesting that we examine this approach as well.
21 The estimates are available in a supplementary material containing all robustness check results.
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Haryana not doing worse than general households. Again, this could reflect the more
diverse economic structure of Haryana, or its border with the NCR, which could have
provided alternative income sources not available in Punjab.

4 Discussion

Punjab is a compact, relatively homogeneous state. It has relatively weak local govern-
ments (as compared to some other states such as Kerala), and district-level bureaucrats
of the Indian Administrative Service, the elite Indian bureaucratic cadre, play an
important role in local administration. This was especially true during the pandemic,
and—based on monitoring daily reports and other documents—the state-level bureau-
cracy ensured a uniformly strict lockdown across the state, as well as a carefully
measured relaxation, reversed at some points when cases swelled. Punjab’s incidence
of COVID cases was in the middle of the distribution of major Indian states, but its
mortality rate was on the high end, reflecting pre-existing conditions such as diabetes
and cardiac disease. One of the main features of Punjab’s economy is its importance
in the national food procurement system, especially for wheat, but also for rice. The
initial lockdown occurred when the spring wheat harvest was near, and the state gov-
ernment embarked on a major effort to overcome the sudden loss of migrant labor by
helping with the coordination and movement of harvesting machines, and the relax-
ation of curfews to permit harvesting (Vatta et al. 2020), though there were some
disruptions of marketing and procurement. While this effort reduced initial impacts
on the rural economy, disruptions arising from the lack of labor, and responses from
farmers to suppress wages in this situation (Kaur and Kaur 2020) began to take a toll
in subsequent months.

Our results are quite striking in several dimensions, and consistent with the above
account of the progression of the Punjab economy in the first months of the lockdown.
In our estimates, the impact of the lockdown is immediately visible on the total incomes
of households in themonth following the lockdown.The average impactwas similar for
rural and for urban households but rural households experienced these initial impacts
as a decline in wage income, whereas urban households experienced the effect of
the lockdown as a decline in business income. Rural households also experienced a
decline in transfer payments, though this was a relatively small figure on average. The
timing of the impact was also very different for rural and urban households. The latter
experienced a steep initial decline in income after the lockdown, followed by a gradual
recovery as the economy reopened.22 However, rural household incomes, after initial
stability, declined even as the economy reopened, without a pattern of recovery. This is
possible evidence of a kind of "scarring" that has been a matter of concern—persistent
effects of the lockdowns on livelihoods, even after restrictions are relaxed. In the case

22 The urban versus rural results commented on by Dreze and Somanchi (2021) are not very specific, and
not necessarily inconsistent with our results. Studies that have found large declines in urban incomes include
metropolitan areas with very different economic structures and income levels. Those kinds of households
would likely be found in the city of Chandigarh, which serves as a joint capital for Punjab and Haryana, but
is administered by the central government. As we have argued, our focus on Punjab allows us to consider a
more homogeneous economic structure, but one in which vulnerability to shocks still matters for those at
the margins.
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of Punjab, thismay reflect the fact that, despite the importance of government-procured
wheat, and the focus of the state government on protecting that part of the economy,
the rural economy is much broader, and government protection in other markets was
difficult to provide. These observations are also consistent with the analysis of wheat
farmers in the neighboring state Haryana by Ceballos et al. (2020) and Ceballos et al.
(2021), as well as the various local or geographically-focused studies of impacts on
agriculture listed in the introduction.

The pattern of recovery of urban versus rural incomes may also be related to the
manner in which the economy opened up. One possible measure of how this reopen-
ing occurred is the pattern of return migration. After the lockdown was eased, the
Punjab government began collecting daily data by district on the number of people
entering Punjab.23 We performed the following calculation to examine the relation-
ship between where travellers to Punjab were registering, and the urbanization of that
district. The cumulative number of incoming travellers to each district, as of July 31,
2020, was transformed to a percentage of the district’s population. The correlation of
this percentage with the percentage urbanization of districts was 0.625, which is at
least consistent with a hypothesis that urban areas were recovering faster.24

While female-headed households and households with daily laborers both have
lower incomes than the general population, with the difference especially large for
the latter category, female-headed households did not suffer as much from the lock-
down as did households with laborers. Urban laborer households experienced smaller
declines in income than their rural counterparts in the first two months of the lock-
down, but the latter also saw an increase in income in subsequent months, suggesting
that there was some substitution across time in the rural economy. Urban laborer
households also received higher transfer income after the lockdown, suggesting some
successful targeting—although these transfers were by no means large enough to
make up for income loss from other sources. Note that this time pattern of impacts
for rural laborer households was quite different from the overall time pattern for all
rural households taken together, as discussed in the beginning of this section. The
time pattern of impacts on wage and business income also differed between rural and
urban households. For example, wage income in urban households recovered quickly
as the economy reopened, whereas business income in rural households continued to
suffer declines relative to the pre-pandemic period. These findings of differing time
patterns of impact on income components of rural and urban households, as well as
differences for subcategories based on household characteristics within each broader
category, have not been highlighted in the literature, although we should acknowledge
that the rural economy of Punjab has a somewhat distinctive structure within India. At
least for the Punjab sample, the main differential impact was for laborer households,
and this characteristic is what dominated for female-headed households, rather than

23 Data was also collected on mode of transport and domestic versus international entrants. 90% or more
of those who were tracked were domestic travellers coming by road.
24 This coefficient is significantly different from zero at the 1% level. Data for two geographically peripheral
districts was missing, so our calculation was based on 20 of Punjab’s 22 districts at the time. The CPHS data
do not explicitly identify migrant households, though they might be identified indirectly by post-COVID
absence from the sample. However, this would not provide any data on how they were affected. Limited
studies of migrant households include AbdulAzeez et al. (2021) and Srivastava (2020).
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any additional gender effect. However, this result does not generalize to other parts of
India.

The results of the quantile regressions are in concordance with what other, purely
post-COVID, surveys, have indicated: the impacts of the lockdown were proportion-
ately much more severe at the bottom of the income distribution. In our data, this
skewing of negative impacts toward the poor was exacerbated in the case of laborer
households, though there was no such additional effect for female-headed households.
In fact, for urban female-headed households, there were differential significant neg-
ative effects of the pandemic and lockdown, but only at the upper end of the income
distribution, possibly reflecting the kind of job loss discussed in studies focused on
gender (Abraham et al. 2022; Afridi et al. 2021; Deshpande 2020).

Several of the other studies cited in our introduction (e.g., Kesar et al. 2021), using
CPHS data or specially commissioned surveys, have examined job loss in particular, as
well as occupational switching. Some have also examined differential impacts by age,
gender and caste. Our analysis complements such studies, focusing on total income
and its main sources. Changes in the latter are indicative of short-term adjustments of
employment, particularly the substitution of business income (presumably from the
informal sector) for wage income among laborer households. Our results on the severe
income losses of daily laborers (households in our case, individuals for other studies)
are consistent with those of Gupta et al. (2021), though we are able to distinguish more
finely between rural and urban households, and to examine the differential impacts
over the income distribution through quantile regressions. By contrast to Gupta et al.
(2021), we do not find significant income gains for higher-income urban households,
though this may reflect the fact that our focus on Punjab excludes all of India’s major
metropolitan cities, and even the state capital of Chandigarh, which is a centrally-
administered Union Territory, whereas theirs is an all-India analysis. Individuals who
would have benefited from the situation were more likely in locations such as those
better-off urban locations.

The fact that Punjab is relatively homogeneous, economically and geographically,
is a positive for an analysis conducted at the state-level, in that it reduces the impact of
unobserved or unmeasured differences in economic structures within the sample. Of
course, we allowed for district-level fixed effects, but a study of their magnitudes did
not indicate any systematic reasons for differences across districts. Furthermore, our
review of district-level lockdown orders and implementation information for Punjab
suggests that the state government was able to impose restrictions quite uniformly
across the state, even as the number of COVID-19 cases and their spread differed
across districts and over time.25 Hence, our results arguably provide an accurate picture
of what the state’s residents experienced during the initial lockdown and its gradual
relaxation.

Finally, we offer some thoughts on the broader implications of our analysis and
results. We have found that rural laborer households were the worst affected in Punjab
by the lockdown and disruptions of the economy. This result is, in a sense, no dif-
ferent than results for other states and local regions in India. What is noteworthy is

25 This was also the sense of Punjab government officials who were asked about their perspectives on the
nature of implementation of the lockdown.
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that Punjab has a relatively prosperous agricultural economy, with significant govern-
ment procurement of wheat and rice, by far the state’s two main crops.26 Punjab has
relatively few marginal farmers, women-run farms, or farms operated by members of
the Scheduled Castes (Ministry of Agriculture and FarmersWelfare 2019). Its average
farm sizes are considerably greater than the national average. But even in this situation,
there was a segment of the population, rural laborer households, that was especially
vulnerable, as our results show. In that sense, the message of our results is that social
protection is not just a concern for poorer states, or oneswithout good infrastructure for
access to social services. The comparison with Haryana, in terms of broad similarities
but some differences in the impacts on laborer households, is consistent with this per-
spective. Here, one can emphasize that concerns about under-representation of poor or
migrant households in the survey, and differential attrition in sampling post-COVID,
only strengthen our results, since they would imply underestimation of impacts, even
in a relatively favorable situation. We do not have data on caste composition, but it is
plausible that these laborer households are disproportionately from lower castes, since
this aspect of caste is a nationwide characteristic.27

5 Conclusion

Our analysis contributes to an important literature on the impacts of the sudden and
severe lockdown that the Indian government imposed, once the COVID-19 pandemic
became an obvious threat to public health. Many studies have documented the nega-
tive impacts on the population at large, and on particular categories of the population,
particularly women and the poor. Our results add to this evidence, and quantify the
time pattern of impacts over the period immediately following the lockdown. We
also identify differences in rural versus urban households, households with laborers,
female-headed households, and poorer households. We perform the analysis using a
relatively robust dataset, with a longer period of benchmarking with pre-pandemic
data. We innovate on the existing literature by using Poisson Pseudo Maximum
Likelihood estimation to deal with large numbers of zero observations and other dis-
tributional issues, as well as using quantile regressions to examine differential impacts
on income at different parts of the income distribution.

While we concentrate on the state of Punjab, this data is available for other Indian
states, and has been used for national level analyses as well. However, the major
states of India are equivalent to medium to large countries in population size, and are
amenable to individual analysis.Arguably, there is enough heterogeneity across India’s
states towarrant separate analyses. Our results forHaryana,which sharesmany aspects
of economic structure with Punjab, but also differs in per capita income, thanks to its
proximity to the NCR and the presence of a sizeable information technology sector
in Gurugram, suggest that pairwise comparisons can be useful. But even single-state
analyses are of value. In particular, while India’s lockdown was a national policy,

26 Fruits and vegetables together account for only 4 percent of the state’s gross cropped area.
27 Singh et al. (2020), in a small survey of a single town in Punjab, documented disproportionately higher
effects for scheduled caste survey respondents, precisely because of their marginal economic status.
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implementation relied heavily on state governments, and state-by-state analysis is
potentially more useful for policymakers on the ground, in the case of managing
pandemic-induced disruptions in economic activity, especially if they recur at different
times in different states or regions.
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