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Abstract

Socio-economic transitions in many developing countries have failed to enhance the labor force
participation of women. This thesis examines the interaction between supply and demand-side
factors of workforce participation from a gender perspective. First, it implements a cluster RCT to
understand how access to a digital job matching technology that reduces job search costs impacts
the labor market outcomes and harnesses the role of social networks. The findings highlight that
while digital technology can increase the social acceptability of women working outside the home,
the gendered structure of networks benefits men, and leads to conformation to prevalent social
norms of home-based work by women to balance home production responsibilities. Second,
the thesis examines the labor impacts of a negative production shock given the extant gender
disparities in the labor market. The findings underscore that gender-neutral shocks can have
gendered impacts, especially if social norms constrain women’s access to coping mechanisms.
Finally, it explores the role of social safety nets in mitigating the adverse effects of such labor
market shocks. The results suggest that employment guarantee programs can protect livelihoods,
but for certain demographic groups relatively more than others, depending on the nature and skill

level of work offered.



Chapter 1

Introduction

1.1 Motivation

In contrast to the dramatic rise in female labour force participation rates (FLPR) ensuing from
structural changes in developed countries (Goldin, 2006), FLPR in many developing countries
continues to remain low and stagnant. India, for instance, has experienced rapid fertility transition
accompanied by higher educational attainment by women (Census of India 2001 and 2011)
since the early 1990s. However, these socio-economic transitions have not increased FLFP,
as only 25% of India’s women are in the labor force (PLES| 2019; UN| 2013). A woman’s
access to employment is an important determinant of her intra-household decision-making power
and control over resources (Sangwan and Kumar, 2021}; |Hoddinott and Haddad, |1995) with
significant implications for household welfare. Not only has women’s LFP remained stagnant
over the last few decades in urban areas, it has declined in rural India. This puzzling trend has
generated significant research to understand the determinants of female LFP and the persistence
of gender gaps in the labor market.

The existing literature has extensively studied the supply side factors - mobility restrictions
due to social norms (MacDonald, 1999)), safety concerns (Field and Vyborny| (2022); Dean and
Jayachandran| (2019); Chakraborty et al.|(2018)); Eswaran et al. (2013) and the burden of home

production (Afridi et al., 2019)) - as constraints to the labor market participation of women. But
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much less is known about the demand side factors. The low market returns to women’s work,
along with a lack of ‘good’ jobs (Afridi et al., [2018)), can contribute to the low levels of women’s
labor force participation in developing countries. Thus both supply and demand side factors can
constrain women’s labor market participation.

This thesis examines the interaction between supply and demand-side factors of workforce
participation from a gender perspective. It assesses whether lowering job search costs and
harnessing social networks can stem social constraints to women’s employment. Specifically, it
explores the potential role of digital technology in ameliorating the employer-employee matching
frictions in the labor market. Next, it studies the labor impacts of production shocks given the
extant gender disparities in the labor market. Gender-neutral shocks can have gendered impacts,
especially if social norms constrain women'’s access to coping mechanisms. Finally, it examines
the role of social safety nets in mitigating the adverse effects of such labor market shocks.

This thesis is divided into four chapters. Chapter 1 is introductory and provides a synopsis
of the thesis. In Chapter 2, we implemented a cluster-RCT in the National Capital of Delhi
to understand how lowering job search costs and harnessing social networks can stem social
constraints to women’s employment Chapter 3 uses high-frequency individual panel data to
examine the gendered responses to production shocks in agricultureE] Chapter 4 explores the
potential role of state capacity in ameliorating the impact of labor market shocksﬂ The fifth
chapter concludes and makes policy recommendations.

The following sections provide an overview of the research questions, methodology employed

and the headline results from the subsequent chapters.

1.2 Job Search Technology, Social Networks, and Gender:
Experimental Evidence from Urban India

Digital labor market platforms considerably reduce job search costs and matching frictions in
the labor market (Banerjee and Chiplunkar, [2022). It has the potential to improve employer-

employee matches, especially for women facing high job search costs due to their restricted

I'This chapter is joint work with Farzana Afridi (Indian Statistical Institute, Delhi), Amrita Dhillon (King’s
College London), and Sanchari Roy (King’s College London)

2This chapter is joint work with Farzana Afridi (Indian Statistical Institute, Delhi) and Kanika Mahajan (Ashoka
University, India); the published version is available at Labour Economics|or refer to |Afridi et al.| (2022b)

3This chapter is joint work with Farzana Afridi (Indian Statistical Institute, Delhi) and Kanika Mahajan (Ashoka
University, India); the published version is available at Oxford Open Economics or refer to|Afridi et al.| (2022a))



https://www.sciencedirect.com/science/article/abs/pii/S0927537122001178##!
https://academic.oup.com/ooec/article/doi/10.1093/ooec/odab003/6520735

Introduction

mobility and lack of access to weak ties (Calvo-Armengol and Jackson, 2004; Mortensen and
Vishwanath, |1994). However, these benefits may not be gender-neutral - social norms (Field
et al., 2016a.b)), along with gendered job preferences, can impact the labor market outcomes of
women differentially, particularly when household decisions are made jointly by husbands and
wives (Lowe and McKelway, |2019)).

We implement a cluster RCT in the low-income neighborhoods in Delhi, India, which offers
access to a hyper-local job aggregator platform. We offer this new job search technology in two
treatment arms - (1) to matched husband-wife pairs to study the interplay of intra-household
factors and (2) to husband-wife pairs and two of the wife’s self-recommended peers to harness
the role of networks in the adoption of technology and the labor market outcomes. And no offer
is made in the control group.

One year after the intervention, the probability of the husband working increased by 4.7%,
workdays (per week) by 55.2%, and the hours worked (per day) by 58.5% in T2 (treatment
with wife’s peer). Consequently, husbands’ monthly earnings doubled in T2. While women’s
overall work status and earnings did not improve, the proportion of women who report being
self-employed increased by 37.5% in T2 after a year. We find no positive effects on either gender
in T1. Our results indicate significant network effects as the labor market participation, work
intensity and earnings of husbands are higher in the network treatment arm compared to the only
husband-wife pair treatment, relative to the control group.

Therefore, increasing access to job information by including networks can improve women’s
work opportunities theoretically. However, men are more likely to take advantage of information
flows to improve earnings due to the gendered structure of the network, while women conform
to the gender norm of working close to home & the bread-winner norm. These findings highlight
the role of gendered social networks and social norms in producing gender-differentiated effects
of new technology on labor market outcomes. While social networks play a role in the adoption
of new technology, they do not always act as enablers in labor markets, especially for women
may also lead to conformation to prevalent social norms of women working closer to home or
taking up more flexible jobs to balance home production responsibilities.

In summary, reducing job search costs for women through digital technology can increase
the social acceptability of women working outside the home. But attempts to boost women’s
employment and earnings may be futile if restrictive social norms continue to dictate their work

choices.
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1.3 The Gendered Effects of Droughts: Production Shocks
and Labor Response in Agriculture

Climate change has increased the frequency of extreme weather events, including droughts,
which are predicted to rise further if climate change continues unabated (World Bank 2013). This
leads to greater production risks in agriculture as more than 75% of the world’s cropped area still
depends on rain. This is a serious cause of concern, as agricultural systems are managed by some
of the poorest communities that lack access to coping mechanisms. It will adversely impact
the significant proportion of the workforce whose livelihoods are supported by agricultureﬂ
Men may be better placed to take advantage of available coping mechanisms and adjust to the
shocks (Heath and Mobarak, |2015; Andrabi et al., 2013)). But much less is known about gender
differences in labor responses. Additionally, the impact of productivity shocks in agriculture can
potentially exacerbate the extant gender differences in labor market outcomes when women’s
access to off-farm work opportunities is constrained by social norms that restrict their physical
mobility.

Using unique individual-level panel data that captures seasonal labor inputs during 2010-14
across 8 agro-climatic zones of India to understand the labor impacts of negative productivity
shocks. The detailed data allows us to study individual-level labor response across the farm and
non-farm sectors to adverse productivity shocks, accounting for unobservable heterogeneity in
their characteristics. This Chapter examines if droughts have gender-differentiated labor impacts
and also explores the mechanisms underlying the gender-differentiated impacts on employment.

We find that women are 7.1% less likely to be employed than men but 80% more likely to
seek work in a drought year. Men offset the effect of drought by diversifying to the non-farm
sector. Men take up work outside the village and migrate during a drought but there is no impact
on women’s workplace location. Consequently, women are unable to cope with the adverse
agricultural productivity shock. They either drop out of the labor force entirely or continue
working in the low-productivity and high-risk farm sector. These gender-differentiated impacts
are not driven by a skill deficit as men are diversifying into unskilled non-farm jobs.

We find suggestive evidence that women’s access to non-farm work opportunities is con-
strained by social costs emanating from gender norms of home production and women’s sexual

purity. Younger women and women with young children work significantly lower non-farm days,

“For instance, 40% of the workforce in India depends on agriculture.
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relative to older women and those without kids, by 14.6% and 21.4% respectively, when faced
with a drought shock. Our proposed mechanism of restricted mobility is further validated by the
finding that the provision of employment close to home helps women cope with negative income
shocks disproportionately more than men.

Therefore, persistent extreme weather events due to climate change may exacerbate existing
gender inequities in the labor market. Policy interventions that mitigate production risks in
agriculture with a gender focus, e.g. job guarantees (NREGA), can help women cope with such

shocks.

1.4 Employment Guaranteed? Social Protection During a
Pandemic

The Covid-19 pandemic, an unprecedented health and economic shock to the world, highlighted
the potential of social protection programs in mitigating labor market shocks. Extensive research
on the pandemic suggested that economic impacts differ across demographic groups (Deshpande
(2020), Dhingra and Machin (2020)). Social safety nets as policy tools are once again being
debated. Limited evidence on both the role played by social safety nets in stemming labor market
disruptions as well as their impacts across population groups.

Using nationwide, individual-level panel data with over a million observations from January
2019 - August 2020, we first examine the labor market impacts of the nationwide lockdown in
India that was introduced to contain the spread of the pandemic — overall and dynamic phase-wise
effects as mobility restrictions were gradually eased. We employ a difference-in-differences
(DID) estimation strategy that compares changes in general employment status pre (2019)
and post (2020) pandemic, during January-March (control months) and April-August (treated
months). Next, we assess the role of India’s employment guarantee program (MG-NREGA)
in cushioning job losses ensuing from the pandemic. As contemporaneous work generation is
endogenous, we use historical data on employment generation under MG-NREGA in a district
over five years, from 2014-18, to measure the capacity of the state to provide social protection
under the scheme during this crisis.

We find a large negative shock to employment due to the pandemic. These job losses were
similar across the rural and urban regions but were more pronounced for men as they engage

more with the labor market relative to women.
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Our findings indicate that regions with higher historical state capacity to provide public
work under the scheme were able to cushion job losses significantly in rural areas during the
pandemic. Consequently, an increase in state capacity by one MG-NREGA workday per rural
inhabitant in a district reduced job losses in rural areas in April-August 2020 by 7% overall over
the baseline employment rate. As found in Chapter 3] the cushioning was significantly more
pronounced for rural women. The marginal effect of an increase in average historical person-days
under MG-NREGA by one day per rural inhabitant increased the probability of employment for
women by 74% over the baseline employment rate post the lockdown. Consistent with the role
of women’s jobs as insurance (Sabarwal et al., 2011]) and the counter-cyclicality of women’s
labor force participation in developing countries (Bhalotra and Umana-Aponte, 2010), not only
were employment losses for women stemmed, but women who were previously not in the labor
force also entered the labor market during the crisis in high state capacity districts.

This greater benefit of MG-NREGA accruing to women is supported by their stated job
preferences in Chapter 2] Women prefer jobs near home due to mobility restrictions, safety
concerns, and the need to balance care work with market work (Fletcher et al.| [2019) as well
as a guaranteed job (Dhingra and Machin, 2020). Since MG-NREGA guarantees work within
the village precincts it meets the ’desired’ job characteristics of women. Furthermore, the gains
from the program were greater for the relatively more mobility-constrained women - married
or with young children care responsibilities. Our results suggest that employment guarantee
programs can protect livelihoods, but for certain demographic groups relatively more than
others depending on the nature and skill level of work offered. There were no spillovers of the
employment guarantee scheme on urban employment, highlighting the need for complementary

policies in urban areas.




Chapter 2

Social Networks, Gender Norms and
Women’s Labor Supply: Experimental
Evidence Using a Job Search Platfor

2.1 Introduction

Women’s employment in many developing countries still lags behind that in most developed
nations (Klasen, 2019). Peer effects have been shown to increase female labor force partic-
ipation in many developed countries via social learning (Nicoletti et al., |2018; Maurin and
Moschion, 2009; Mota et al.,|2016) and conformism (Cavapozzi et al., 2021). However, it is less
clear whether these findings generalize to developing countries, where social norms restricting
women’s mobility and outside interactions often play an important role in constraining female
labor force participation (Jayachandran, 2021). In particular, little is known about whether
women’s networks can be harnessed to improve their participation in the labor market in low in-
come settings, and specifically in work outside the home to increase women’s agency (Anderson

and Eswaran, 2009).

'This paper is a joint work with Farzana Afridi (ISI-Delhi), Amrita Dhillon (King’s College, London) and
Sanchari Roy (King’s College, London).
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In this paper, we provide the first causal evidence on this question by using a cluster random-
ized control trial to evaluate an intervention that offered access to a digital job search platform in
Delhi, India. The platform provided hyperlocal employer-employee matching and job aggregator
service to blue-collar workers, and aimed to lower job search costs. In the first treatment arm, the
service was offered free of charge to a randomly selected group of married couples (non-network
treatment)E] In the second treatment arm, the service was offered to married couples and the
wife’s peer network (network treatment), also free of charge, in order to disentangle the network
effect. Neither couples nor their network were offered the service in the control group.

A little over one year after the intervention, we find no significant impact on women’s
likelihood of working in the network treatment group relative to the control group, although
the point estimate is significantly higher than in the non-network treatment group (p=0.02).
Instead, we find a significant improvement in their husbands’ labor market outcomes, both at
the extensive and intensive margins. In particular, husbands’ likelihood of working increased by
4.6%, while their workdays (per month) and the hours of work (per day) went up by 8.36% and
8.11%, respectively, compared to the control group. As a result, husbands’ monthly earnings
more than doubled in the network treatment group relative to the control group. There is an
imprecise increase in the workdays (per month) of husbands in the non-treatment arm by 6.76%.
We do not find any positive impact on labor market outcomes of either husbands or wives in the
non-network treatment group.

We argue that the explanation for the unexpected positive finding on husbands’, but not
wives’, employment in the network treatment group lies in the gendered structure of social
networks in our setting. Consistent with existing evidence (Afridi et al., 2021; Kandpal and
Baylis, 2019), we document women’s networks as being significantly more family-centric and
home-bound compared to men’s. In particular, 96% of the average wife’s network in our sample
consists of non co-resident family members or neighbours, as opposed to 56% for her husband.
In addition, we also document significant overlap between wives’ peers and those of their
husbands’, including relatives who constitute over half of a wife’s network on average. Such a
gendered structure of social networks in our setting implies that in the network treatment group,
men (and husbands) benefited more than women from the diffusion of information about job

opportunities from the digital platform within the network (Beaman and Magruder, 2012} |Caria

’The service was offered to both husband and wife to enable full information-sharing within the household in a
setting where joint household decision-making about labor market decisions is the norm (Bernhardt et al., 2018}
Conlon et al., 2021)).




Social Networks, Gender Norms and Women’s Labor Supply

et al., 2020). This is further confirmed by our findings that only the male peers in the wives’
networks experienced a significant improvement in employment outcomes, and that husbands
with greater network overlap with their wives benefited more.

In contrast, we find that self-employment among wives in the network treatment group
increased by 40.9% increase compared to the control group. At the same time, proportion of
women engaged in daily wage work in this group declined though insignificantly, suggesting
a degree of substitution away from precarious work to self-employment. We argue that this
observed impact on women can be attributed to conformism to gender norms, which is consistent
with the high preference for home-based work for women (over 80%) and strong support for
male bread-winner norm reported by both husbands and wives at baseline. Consequently, while
husbands in the network treatment group took advantage of greater access to information on
job openings on the digital platform, their wives stayed away from paid, outside work and took
up home-based work instead, such as tailoringﬂ Thus, harnessing women’s peer networks to
improve their labor market participation may backfire if the nature of their networks reinforce
(conservative) gender norms about women’s (outside) work. This is the key contribution of our
paper. In addition, it is consistent with our finding that while treatment (both with and without
network) attenuated attitudes towards regressive gender roles, it failed to amplify attitudes around
women’s work that were progressive, thereby pointing to the stickiness of such norms and the
inherent challenges faced in changing them.

We rule out several alternative explanations for the differential employment treatment effects
by gender. One such explanation for the null effects for wives’ employment could be that
women are less likely to have access to or use new digital technology. However, we do not
find any gender differences in the take-up of the new technology. Moreover, as hypothesized,
the probability of being registered on the job portal was higher for women whose peers also
registered. Hence, adoption of new technology is indeed more likely when peers also adopt the
same technology. Another concern could be low overall demand for women’s labor, especially
if recovery from job losses due to the Covid-19 pandemic that unfolded during our study, was
unequal by gender. However, we find that overall, wives received job offers from the portal
at a similar rate to their husbands. Further, overall post-pandemic female employment had

started to recover in Delhi during the time of our study, indicating the potential of digital job

3This finding is consistent with recent evidence summarized in Bandiera et al. (2022), who conduct a meta-
analysis using a large cross-section of countries to document that poor women are often the last to get access to
wage jobs, behind men.
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search platforms to further boost demand for women’s labor at this time. Similarly, the positive
employment effect for husbands does not appear to be driven by pandemic-induced job losses
that occurred immediately after our intervention. We find no differential impact on husbands’
employment outcomes in the network treatment group either by job loss during the pandemic or
work status right after the pandemic-induced lockdown.

Our paper makes two contributions. First, we contribute to the rich literature on the role of
peer effects in driving various economic outcomes in developing countries, including agricultural
technology adoption (Beaman et al., 2021; BenYishay and Mobarak, [2019), microfinance
(Banerjee et al.,|2013) and migration (Munshi, 2020). Particularly for women, existing studies
have documented positive peer effects on entrepreneurial activity (Field et al., 2016a), family
planning and contraception (Anukriti et al., 2022)), and autonomy (Kandpal and Baylis, [2019).
We advance this literature to the labor market by experimentally testing whether peer effects
can be leveraged to increase female employment in a setting where it is stubbornly low, such as
India. Contrasted to the existing studies that highlight the positive role of women’s networks
(even when relatively thin), our paper shows that the actual structure of women’s networks plays
a key role in mediating peer effects. In our setting, where constraints on women’s physical
and social mobility lead to their network structure being disproportionately made up of kin and
neighborhood ties, the gendered structure of social networks may further disadvantage women
in the labor marketﬂ This may be especially true for low-income urban women in developing
countries, many of whom migrate to cities post-marriage and consequently lose their natal linksﬂ
Hence, our paper also extends our understanding of the salience of women’s peer effects in urban
and blue-collar contexts, beyond the primarily rural settings in existing research on women’s
economic engagement in low-income countries.

Second, our paper also ties into the literature on labor market frictions that differentially
impede women’s labor force participation by focusing on a hyperlocal, app-based matching

platformﬁ Restrictions on women’s mobility and outside interactions, often rooted in social

“Constraints on women’s physical and social mobility lead to a large proportion of women’s networks consisting
of kin and neighborhood ties, and few weak ties (Stoloff et al.,|1999). While such a network structure provides
social support (Wellman and Wortleyl, [1990), it may not be advantageous in improving labor market outcomes, for
which weak-ties are critical (Calvo-Armengol and Jackson| 2004 Mortensen and Vishwanathl [1994)).

SUsing out-migration data from the nationally-representative National Sample Survey (NSS), we find that over
30% of the overall rural-to-urban migration in India is accounted for by marriage alone, and women constitute
about 44% of such migrants. Similarly, 61% of women who migrate from rural to urban areas report marriage as
the reason. Furthermore, women’s safety concerns may be higher in cities relative to villages. As per the National
Crime Records Bureau (NCRB) 2009 data: 383 crimes (per million women) against women were reported in Delhi’s
districts while the national average was 202 per million women.

Women exhibit limited physical mobility stemming from social norms (MacDonald, [1999), safety concerns
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norms, may lower their awareness and information about economic opportunities compared
to men in entrepreneurial work (Field et al.| (2010) and white-collar jobs (Lindenlaub and
Prummer, 2021])), leading to fewer weak ties (Calvo-Armengol and Jackson, 2004; Mortensen
and Vishwanath, 1994)), higher job search costs and hence lower employment. Digital labor
market platforms can offer a potential solution to level the “gender playing field" in this context
(Agrawal et al 2015)). In contrast to the emerging literature that has found little impact of
job matching services on employment (Kelley et al., 2022} Jones and Sen, [2022; Dhia et al.,
2022)[] our paper shows that harnessing social networks may not only increase the take-up of
digital job search platforms but also improve employment opportunities and earnings. However,
the challenge of improving women’s labor market outcomes may not be overcome through
adoption of new technology via peers alone, particularly in low-income settings with strong
gender norms around women’s labor allocation. Thus the benefits of such technology may not be
gender-neutral, particularly when household decisions are made jointly by husbands and wives.

The paper is organized as follows. Section [2.2] outlines the sample, intervention and experi-
mental design. Section [2.3]discusses the data and summary statistics, along with the estimation
methodology. The main results are presented in Section [2.4, while we discuss mechanisms that

can explain our findings in Section [2.5] Section [2.6] concludes.

2.2 Intervention, Sample and Experimental Design

2.2.1 Intervention: Job search platform

Since the objective of our study is to improve women’s labor market engagement, we partnered
with a job-matching platform that is geared towards women called HelpersNearMe. It is a
hyperlocal app-based job aggregation platform that connects potential employers directly with
nearby blue-collar workers for permanent or temporary hiring, much like Uber for taxi services.
Workers register on the platform, where they provide information on previous work experiences
and their job preferences (including preferred distance to work and expected wages). This

information then allows the platform to match registered workers with potential employers

(Dean and Jayachandran|(2019); |(Chakraborty et al.[(2018)); [Eswaran et al.|(2013))) and the disproportionate burden
of home production (Afridi et al.,2019). As a consequence, relative to men, women may have higher job search
costs and prefer work closer to home. Thus hyper local labor market platforms can theoretically benefit women
more.

TWheeler et al.[(2022) is a notable exception, finding positive employment effects of LinkedIn platform. Note
that, unlike our intervention, none of these papers study platforms that provide hyperlocal, app based job search
aggregator services or the blue-collar segment of the labor market.
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who are looking for candidates for specific job profiles based on their search preferences (e.g.
location, type of work, tenure 1.e. short-term gigs or long-term contracts, wage offer etc.). The
employer can then call the matched worker on their registered phone number with the job offer.
Thus, registered workers are mostly passive on the platform - they cannot reach out to potential
employers via the platform, but wait to receive job offers from employers over phone. The
platform records job offers that are accepted but not those that are rejected.

Employers pay an upfront service charge to the platform. No payments are required of the
worker for a successful match. There is a minimal expense of 100 INR per person (equivalent to
20-30% of average daily earnings) for platform registration to meet the cost of verification of
worker identity. For our treated participants, this registration fee was paid for by the research
project. Since workers may connect with many potential nearby employers without physically
looking for work or any intermediaries or job contractors, this technology potentially reduces
job search costs significantly (for both ends of the market). Furthermore, the worker can accept a
job offer as per their preferences, including location and wage.

The platform is unique in catering to the potential constraints of blue collar workers, particu-
larly women. First, the platform does not require smartphone ownership by these low-income
individuals (unlike most other job matching portals). A feature phone is sufficient to receive
calls from matched potential employers. This lowers barriers to entry into blue collar jobs,
especially for women who are less likely to own smartphones. Second, the platform matches
workers to employers hyperlocally. Hence workers can find jobs closer to home, which we show
later is preferred by women in our sample. Given these features, it is not surprising that overall
in 2019-20, women made up 70% of all workers registered on the platform, 86% of workers
deemed suitable for a given job (86%) and 87% of workers who received a call from an employer
for a job. We provide more details about the gender composition of registered individuals and

the types of work offered on the platform in Appendix Table 2A.T]

2.2.2 Sample

Our experiment is set in low-income neighbourhoods of the National Capital Region of Delhi, In-
dia, where HelpersNearMe operates. Delhi is an urban center with a relatively young population:
over 52% are in the 18-45 age group (Periodic Labor Force Surveys (PLFS) 2018-19), a majority
of whom are married (73% of women and 56% of men). Female labor force participation in

urban India is dismally low, 16.73% vs. 93.85% for men, and even lower in Delhi that the
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national average (by 8.98%) despite higher years of formal education than the national average
(PLFS, 2018-19).

We use publicly available household listing from electoral registers as the basis of our
sampling frame. Delhi has over 300 Electoral Board (EB) wards contained in 70 Assembly
Constituencies (AC) across 11 districts. EB wards with a significant proportion of slum clusters
(low-income residential areas) resettled into permanent habitations were considered for sampling
and mapped into relevant Census 2011 wards to assess their population, employment, literacy,
and civic amenities. We sampled 24 such EB wards spread across 11 ACs within 5 districts
of Delhi - West, North, North-west, Shahadra, and North-east. On average, an AC consists
of around 150-180 polling stations (PS), with approx. 500-1000 eligible voters (or 250-500
households) per PS. For each of the 11 sampled AC, a stratified random sample of about 10 PS
was drawn, and within each sampled PS, 15 households were randomly sampled for inclusion
in our studyﬂ A household was considered eligible for the study if it had at least one married
couple in the age group of 18-45 years. These individuals were likely to be engaged in the labor

force, and women are more likely to have home production responsibilities, including child care.

2.2.3 Experimental Design

Figure|2.1|shows the geographical spread across Delhi of the sampled 108 polling stations, which
form our primary sampling unit (cluster). The average distance (straight-line) between any pair
of polling stations in 10.6 kms. To minimise the risk of contamination, the polling station was
chosen as the unit of randomization in our cluster RCT design. The sampled 108 polling stations
were randomly assigned to one of three arms, with 36 clusters each: the non-network treatment
arm (T1), the network treatment arm (T2) and control (C).

In the non-network treatment arm, we visited the sampled households to provide information
about the job search platform to the woman and her husband, separately. The reason for offering
the treatment to both the wife and husband, instead of just the wife, is that female labour supply
decisions in this setting are typically jointly taken. We provided detailed information on how the
job matching platform works, the registration process, and its potential benefits in obtaining work
to each respondent. This was followed by showing a testimonial video, tailored to the gender of

the respondent, that we developed with beneficiaries of the platform. Thereafter, we offered to

8Stratification of PS was by proportion of low-income residential habitations. To ensure sufficient power in
the event of attrition and replace households where both husband and wife could not be interviewed, we randomly
sampled additional households beyond our target sample size.
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register the respondent (both the woman and her husband) on the job-matching platform at no
cost. By design, the couple was aware of each other’s platform registration offer and registration
decision.

In the network treatment arm (T2) the same procedure was followed as in T1, but afterwards,
we also offered to register up to two of the wife’s peers in her network for this service. The
platform’s registration cost for peers in T2 was also covered by the research project. In the
control group (C) we did not offer to register the respondents or their network to the job-matching
platform.

While the registration offers were made in person to the couples, in the network treatment
the peers selected by the wife from her social network were offered the platform registration
over phone during interventionﬂ If the wife suggested names that were not in their top two
rank-ordered baseline network list, these new peers were also surveyed and offered platform
registration. Once an individual expressed interest in registering (in either treatment group) we
passed on their ID and mobile phone number to the job-matching platform, which would then
follow up with a phone call to verify details and formally register the job preferences of the
individual within 24 hours (the process of ‘on-boarding’).

Of the individuals offered treatment, husbands and wives showed comparable interest in
registering (70% of husbands and 65% of wives). The proportion of wives who showed interest
was similar in both treatments (about 64%), while husbands in T1 showed slightly greater
interest (73% vs. 66%). Conditional on interest, 37% successfully registered on the portal. The
registration rates are higher in the network treatment arm (40%) in contrast to the non-network
treatment arm (34%), and for both husbands and wives. Amongst the wives’ peers who were
offered registration the proportion interested and registered (conditional on interest) was 72%
and 47%, respectively. The final (unconditional on interest) registration rate was lower at 25%
(overall) and marginally higher for husbands in both arms (network - 28% husbands & 25%
wives; non-network - 26% husbands and 22% wives). See Appendix Table 2A.2] for further

details.

°Besides individuals declining to formally register after showing interest, registrations could also fail due to
verification issues at the platform’s end. Note that it is entirely possible that respondents in T1 could inform their
peers about the platform. However, any cost of registration would then be borne by the peer, in addition to the
main respondent bearing the cost of effort in initiating conversations within her network about the portal, which
can be especially high in contexts where working from home is the norm for women. Not surprisingly, only 4%
of non-treated peers report being informed about the platform by their friends/relatives and of these only 0.07%
registered on the platform (data from both survey and platform). Of the treated peers almost all (98%) were informed
about the portal by the research team.
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2.3 Data, Summary Statistics and Estimation

2.3.1 Data

Our baseline survey was conducted in May-July 2019 at two levels: (a) household, and (b)
individual. The household survey collected information on the demographic composition of
the household and other socio-economic characteristics (e.g. assets, migration status, and other
details from the household head). The information on household members was utilized to identify
the currently married (and cohabitating) couples in the household for the individual survey. If
there were multiple couples in the 18-45 age group, we selected the couple with the youngest
wife, since they are likely to face tighter time constraints as well as higher labor market trade-offs
with domestic and childcare work.

The individual survey was conducted separately (and in privacy) with the husband and the
wife to obtain information on their education, work history, work preferences, gender norms,
and attitudes towards women’s labor force participation. In addition, we elicited information on
the individual’s social network through a name generator process using contextual/situational
references[]

Following the name-generating process, the respondents were asked to rank the top four
peers from their list of names in order of their self-perceived proximity/closeness with these
individuals. We also collected data on the nature and the intensity of the relationship with the
people in the network to understand how the link was formed and how frequently they interact
with the people in their network, respectivelyE] Mobile numbers to contact these four peers were
recorded. We then conducted a phone survey of up to two of these four peers, moving down the
list in rank order (conditional on mobile number availability). For up to two peers, therefore, we
gathered detailed information on gender, age, own work history, as well as, gender norms and

attitudes.

10The main respondents were asked to name non-co-resident individuals that they most often interacted with
under the following situations - (1) Emergencies: "Borrowing from in case of emergency; for example, if you
immediately need 400-500 rupees for a day and there is no one else at home you could borrow from?", "In case of
medical emergency when you need to call someone immediately to rush to the doctor/hospital and there is no one
else at home", "In your neighborhood if you have to immediately borrow food items like rice, tea, sugar, cooking
fuel, etc, who would you go to?"; (2) Social activities: "Going for a walk/to the park and chatting with in free time",
"Shopping or going to local market with, for example, to buy vegetables or ration?", "Attending social functions or
festivals or going to religious places with; for example going to the temple/mosque or participating in group prayer
in the colony or meeting during Diwali or Chhat Puja (festivals) celebrations etc?"; and (3) Workplace interactions:
"Having lunch at work or spending your free time at work with; for example chatting or having tea while taking a
break", "Travelling to work with".

'Respondents were asked about the typical frequency of interaction (e.g. daily, 4-6 times a week, or once a
week) with their peers, both in person and over the phone.
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To measure the impact of the intervention on the respondents’ and the treated peers’ work
status, we conducted two follow-up surveys. Endline 1 was conducted approximately 6 months
after the intervention (Aug-Nov 2020) while Endline 2 was conducted about 14 months after the
intervention (Apr-June 2021). At both endlines, we resurveyed the main respondents as well
as their peers in the network (including any new peers at intervention). We also obtained data
from the job-matching platform on the sample of registered respondents’ (main respondents and
peers) reported job preferences and other details recorded at the time of registration, as well as
job offers and acceptances from the date of registration until June 2021. However, platform data
on job offers was incomplete as it only recorded whether a match took place or not, i.e. accepted
offers. Hence we also collected detailed self-reported data on job offers (accepted or not) during
both endline surveys. The timeline of the study is summarized in Table

Our original sample consisted of 3,127 individuals (1,543 husbands and 1,584 wives) from
1,613 households across 108 polling stations, as shown in Table [2.1] In the follow-up surveys,
the attrition rate was below 5% of the baseline sample - 1.85% at Endline 1 and 4.67% at Endline
2. Throughout our analysis, we restrict the data to matched husband-wife pairs interviewed
at baseline, 1.e. 1,514 couples With the matching restriction, attrition remains below 5% -
98.28% of the couples from baseline were followed-up at Endline 1 and 95.48% at Endline 2.

As mentioned previously, up to two peers of the main respondents were also contacted by
phone. At baseline, a total of 3,468 peers were surveyed (of 2,331 main respondents who were
able to provide mobile number of their peers). Recall that at intervention women respondents
were asked to suggest two peers who they would like to be offered registration on the job
matching platform in the T2 arm. Some of these peers were not in the baseline network. In the
follow-up survey rounds, we thus interviewed both baseline and any additional peers treated at
intervention - 3,583 of the 4,208 (=3,468 + 740) peers at Endline 1 and 3,522 at Endline 2. A
loss of connection over the phone with the peers was the primary reason for attrition of 14.85%
at Endline 1 and 16.3% at Endline 2.

Throughout, we report results 14 months after intervention, i.e. at Endline 2. We find

120ur study coincided with the pandemic-induced stringent national lockdown in India which began on March
24 2020, and eased by August 2020. Our baseline survey of couples was conducted in person but due to onset of the
pandemic, we switched to phone interviews thereafter. Our first endline in August-November 2020 was conducted
entirely over the phone. The second endline survey began on April 2, 2021, with in-person interviews of almost
50% of our sample. However, given the devastating second wave of the pandemic in India, when cases surged from
mid-April 2021, we switched to phone interviews from the end of April until the end of the survey round in June
2021.

1399 individuals out of the original sample of 3,127 were unmatched to their spouse and hence dropped.
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insignificant treatment effects 6 months after intervention (Endline 1), discussed later, which is

attributable to the economic shut-down during the pandemic

2.3.2 Summary statistics

Table [2.2 defines and summarizes the key variables of interest for our matched husband-wife
sample at baseline. Panel A shows the household characteristics. The average household size is
slightly over 5 with 19% living with multiple generations (joint family) and about 57% having a
child below the age of five years. A majority of households are Hindu (82%) and over 40% of the
households belong to the socio-economically disadvantaged SC-ST group. Nearly two-third of
these households are migrant families from outside Delhi, but have lived at the current location
for over 28 years on average.

Panel B presents the individual characteristics of the main respondents, i.e. the couple, in
our sample. They are relatively young (32.7 years), with some education (over 60% have above
primary level of education) and high usage (94%) of mobile phones. Overall, 60% of them are
working (irrespective of gender), out of which 16% are engaged in casual labor, 21% are self-
employed and 22% have salaried jobs in government and private institutionsE] Unemployment
rate is low at 3%, while 38% of the sample is not looking for work i.e., not in the labor forcem
The average individual earnings was 6,028 (10,793) INR per month unconditional (conditional)
on work status. Finally, Panel C summarizes the characteristics of two rank-ordered peers
listed at baseline. These peers are comparable in age, education, and work status to the main
respondents.

The treatment and control groups are broadly balanced in terms of household characteris-
tics (Appendix Table [2A.3)) as well as individual characteristics for both husbands and wives
(Appendix Table 2A.4), apart from marginal differences in unemployment rates. Our main
specifications will include this and other baseline characteristics to account for such chance

differences between treatment groups.

14“The pandemic severely disrupted economic activity almost immediately following our intervention in 2020.
India’s GDP contracted by 23.9% during April-June and 7.5% in the second quarter (July-September) of the 2020-21
fiscal year as opposed to 4.2% GDP growth in 2019-20. Not surprisingly, unemployment peaked at 18.5% in the
first quarter of 2020 but started to taper off from the second quarter onwards (7.5% in both July-September and
October-December 2020), as demand recovered (Unemployment Rate in India, CMIE). Economic activity picked
up post easing of the nation-wide lockdown in August 2020.

I5SThese labor market participation rates are based on reported main activity over the previous year at baseline.

16While the unemployment rate is comparable, the labor force participation rates in our sample are 5-6% higher
than the average for Delhi aligning with our sample’s close location to industrial areas. This suggests that our
estimated treatment effects may be a lower bound on the effect of job-matching platforms.
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2.3.3 Gender differences

We also document significant gender differences in key sets of baseline characteristics that
relevant to our study: labour market participation, social network structure and social norms and
preferences.

Labor market participation: The gender differences in the overall labor force participation

variables are shown in Panel A of Table 2.3] We find significant differences in the work
characteristics of husbands and wives at baseline. Wives are 72 pp less likely to be working in
the reference period than their husbands. While husbands are mostly engaged in salaried jobs,
among the wives who are working, a majority are self-employed. More strikingly, 3 /4" of the
wives are not in the labor force, i.e. they are neither working nor actively looking for work. Not
surprisingly, husbands earn more than ten times the average earnings of wives (unconditional on
work status). Conditional on working, the average earnings of husbands and their wives were
about 12,300 INR and 4,500 INR, respectively.

We observe a bigger mismatch between expected and actual earned wages of wives compared
to their husbands among our sample that registered on the job aggregator platform. Wives who
registered on the platform expected an average salary of around 10,500 INR (133% higher than
the average baseline earnings of women who work), while husbands expected 13,300 INR or 8%
higher than their average baseline earnings. This mismatch between expected and actual earnings
persist even after accounting for differences in occupational preferences and baseline occupation
types of men and women, suggesting either women’s lack of labor market information or higher
reservation wage or both. Data from registrations on the job matching platform show that women
preferred service sector jobs (75% - e.g. beautician, telecaller), providing domestic help and care
services (65% - cooking, babysitting, and other care jobs), and also work within a 3 km distance
from their homes, on average. In contrast, men registered for a larger number of job profiles
(service sector jobs (60% - delivery boy, office helper, and salesman), factory and manufacturing
jobs (23% - machine operator and technicians), domestic help and services (27% - driver, peon),
and construction work (10%)). They were willing to travel more than double the distance (6.6

km) preferred by women.

Social network structure: We observe sharp gender differences in the social network structures

reported in Panel B of Table [2.3] First, wives’ social networks are significantly more family-
centric and home-bound compared to their husbands’. 96% of wives’ peer networks are made up

of non-coresident relatives and neighbors compared to just 56% for husbands. The narrowness of
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wives’ networks is also reflected in a negligible proportion of them reporting any friends (defined
as not a relative or neighbour) as their peers, in contrast to their husbands (4% versus 44%),
and no co-workers, which is not surprising as only a quarter of wives report to be working and
hence have the opportunity of interacting with people outside their home sphere. Second, social
networks are gender-homophilous. Nearly three-fourths of wives’ peers are female, while more
than 90% of their husbands’ peers are male. The proportion of 12% for husbands is not consistent
with the split in Table A.5 which indicates 7% Appendix Table [2A.5| presents further details
on the composition of wives’ and husbands’ social networks. As Panel B reveals, on average,
only around 20% of these female peers of wives are likely to be working in baseline, compared
to 90% of their husbands’ (overwhelmingly male) peers (Panel A). This structure of women’s
social network, which is likely to be less amenable to obtaining job information and referrals,
intensified at intervention (Panel C) The peers suggested for treatment by wives in T2 were
more likely to be female (80%), younger (by about 3 years) with 5% lower average employment
rate than peers reported at baseline. In addition, the home-bound structure continued to dominate

- 85% of the treated peers were either non co-residing relatives (46%) or neighbors (39%).

Social norms and work preferences: Table[2.4] Panel A indicates a high prevalence of regressive

attitudes towards women’s work outside of home among both husbands and wives (asked in
privacy). A vast majority of respondents support the view that women should be homemakers,
men more than their wives. However, wives are more likely to believe they should support their
husband’s career than their own, and prioritize relationship with children over market work.

In Panel B, we summarize responses to progressive attitudes towards women’s work outside
the home. Wives are 6 pp more likely to agree that it is acceptable for women to work outside
the home and 27 pp more likely to agree that married women should earn even if the husband
provides support. However, only 33% of husbands approve of a married woman earning if she
has a husband capable of supporting her, suggesting a strong male breadwinner norm. These
norms and attitudes align with job preferences that women reported for themselves and what
husbands approved of for their wives as shown in Panel C. Home-based jobs are considered
the most suitable for women by both husbands (78%) and wives (81%), followed by salaried
government or private sector work. Hence there is a preference for work that is flexible, requires

limited mobility, yet is ‘high status’ for married women Note that only 2% of wives and 3%

17Put this footnote in table notes for Table A.5) 881 individuals (peers) were suggested by wives at intervention
in T2, of which 153 had been surveyed at baseline.
18Using data on women working at baseline, we find that engagement in self-employment activities (e.g. family-
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of husbands agree that women should not work, indicating demand for jobs for women.

2.3.4 KEstimation

Our first specification combines both treatment arms (non-network and network) into a single
indicator of treatment status that takes value 1 if the couple and/or the wife’s peers in her network
were offered to register with the job aggregator platform, and O otherwise. Thus, the baseline
specification is:

where Y, are measures of labor market outcomes of individual ¢ in cluster v at endline. It
includes work status, the number of days worked in a month, the number of hours worked in a
day, monthly earnings (INR), and occupation category (casual labor, self-employed or salaried).
Work status is a dummy variable that takes value 1 if an individual reports engagement in an
occupation over the past 3 months and zero otherwise. The occupation categories are dummy
variables constructed on the basis of the main occupation in the last quarterm

T, is a dummy indicating whether cluster v is randomly assigned to either treatment - without
network (T1) or with network (T2), Y2 is the corresponding baseline labor market outcome of
individual 7 in cluster v. X, are a set of baseline characteristics of individual 7 in cluster v that
may affect their labor market outcomes. These include household characteristics (household
asset index, dummy for joint family, number of under-5 children, dummy for SC/ST, dummy for
Hindu, dummy for migrant status, years living in current location) and individual characteristics
(education of the individual, age, occupation code, and mobile phone usage)@

Our second specification distinguishes between the two types of treatments to estimate and

run retail shops, tailoring) and casual labor is relatively less time intensive — 4.5 workdays compared to 6.5 workdays
per week in a salaried job. Further, self-employment is typically undertaken within household premises or residential
locality, while casual labor and salaried work entail travel to work. But while monthly earnings of self-employed
women averaged 2,695 INR, those engaged in salaried and casual labor were earning 7,686 INR and 3,333 INR,
respectively. Thus, higher flexibility of home-based work costs women almost three times the average monthly
earnings they could earn in relatively less flexible salaried work.

19We first asked about the main activity of an individual over the last quarter from the time of the survey. Work
status equals 1 if the respondent is engagement in casual labor, self-employment, or salaried work and 0 otherwise.
For this reference period, we then asked days worked in a typical week, the average number of hours worked in a
day, and the monthly earnings. For instance, monthly earnings reported 14 months after intervention record the
average amount earned in a month from the main occupation since January 2021 (3 months from the survey in April
2021).

20The estimation strategy, including the list of control variables, is as per the pre-registered analysis plan. See
Table @] for details on the construction of the occupation and other variables, including the asset index.
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compare their impact as follows:
Yo = a+ BT + BT + 6V + Xivti (2:2)

where T! is a dummy variable indicating whether cluster v is assigned to the couple only
registration treatment or not and 772 is a dummy variable indicating whether cluster v is assigned
to the couple plus the wife’s network treatment or not. The control variables are the same as
discussed above. In both specifications, the standard errors are clustered at the unit of treatment
randomization, i.e. the polling station (PS).

We interpret the coefficients on the treatment variables as intention to treat (ITT) estimates.
Our treatment potentially reduces job search costs by offering to register individuals on the job
aggregator platform, as mentioned previously. Being assigned to either treatment may increase
the probability of an individual finding a job due to the reduced job search costs if they register
on the platform. These jobs are also likely to be better aligned with their work preferences,
perhaps more so for women than men (as discussed previously) given the hyperlocal matching
process. Therefore, we hypothesize that the offer of platform registration will improve the labor
market outcomes of the individual both on the extensive and intensive margins (i.e. 5 > 0
in equation (3B.I))). The network treatment (T2), in addition to easing job search costs and
improving employer-employee matching, also harnesses the wife’s network Registration rates
of main respondents (particularly wives) may be higher in T2 if people in one’s network also
register on the platform since it’s a new and unknown technology and peers’ adoption/non-
adoption might signal whether it is potentially beneficial or notEZ] In addition, since up to two
additional individuals (in the wife’s network) are also offered the service, the quantum and flow
of information on job openings is likely to be higher in T2 relative to T1, creating a multiplier
effect. Hence, we expect the offer to register women’s friends for the employment search service
to have a relatively higher positive impact on labor market outcomes (/5; < (5 in equation
in T2

2'We were successful in offering platform registration to at least one of the wife’s peers via phone survey for
84% of the couples assigned to T2.

22 Alternately, there could be competitive pressure to conform to peers. Either way, it predicts a higher technology
adoption rate in T2 than in T1.

Z3While in the estimating model, we run separate analyses of the impact of our intervention on wives and
their husbands, our experiment design accounts for joint decision-making through full disclosure of individual
decisions, including the use of the aggregator service, which may mediate the impact of our intervention on woman’s
work-related outcomes.
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2.4 Main results

2.4.1 Labor market participation

Table[2.5|reports ITT estimates of our intervention on the probability that an individual is working
in the reference period, by gender, using the specifications described above. Columns (1)-(2)
report the results using equation (3B.1)) while columns (3)-(4) report it by treatment group as per
equation (2.2)

More than a year after the intervention, we find no significant overall treatment effect on
either wives (column (1)) or husbands (column (2)). Separating by treatment type, we find no
significant impact on wives’ likelihood of working in the network treatment group relative to
the control group, although the point estimate is significantly higher than in the non-network
treatment group (p=0.02). In contrast, we find a significant improvement in their husbands’
likelihood of working by 4.4 percentage points (pp) relative to the control group (equivalent to
4.6% of the baseline mean). Similar to their wives, the coefficient for husbands in the network
treatment group is also significantly higher than that for their non-network treatment counterparts
(p=0.00)/7

Next, we examine the treatment effects on the intensive margin in Table [2.6] measured by the
number of days worked in a month (Panel A) and the hours worked in a day (Panel B)E]

Wives show no significant overall treatment effect on either dimension of intensive margin
(Panels A and B, column (1)). However, disaggregating by treatment type, we note a marginal
decline on both dimensions for wives (Panels A and B, column(3)) in the non-network treatment
group (T1) but not in the network treatment group (T2)

In contrast, we find positive treatment effects on the monthly workdays of husbands with
no significant overall treatment effect on work hours (Panel A, column (2)). Husbands in both

the treatment arms reported increased number of days worked in a month (Panel A, column(4)).

24 Appendix Table m shows insignificant effects 6 months after intervention (Endline 1), attributable to the
economic shutdown during the pandemic.

Z3We also analyze the heterogeneity in these treatment effects by baseline demographic characteristics in
Appendix Table[ZA.7] We find no statistically significant difference in the outcomes of wives or husbands in the
network treatment group by poverty status, caste, religion, education, and number of children aged 5 or below.
We find that wives whose peers reported relatively progressive attitudes at baseline are more likely to be working
relative to the control group (column (7), Appendix Table @P

26We also test for alternative log specifications - IHS transformation (log(y) = log(y + (y? + 1)'/?) (Burbidge
et al., [1988))) and taking logs after adding a small positive value of 0.01 to account for zero values, which yields
qualitatively similar results. It reassures that the results are not sensitive to the transformation in particular.

?’Conditional on working, however, there is no significant effect of the intervention on the intensive margin
(workdays or work hours) for wives.
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In the non-network treatment group it went up by 1.5 days (6.76%) while in the network group
the magnitude was higher (but not significantly different) at 1.901 workdays (8.36%). We find
no overall treatment effect on work hours of husbands (Panel B, column (2)) but there was a
significant (p<0.10) difference across the two treatment arms (Panel B, column (4)). The hours
worked per day by husbands in the network treatment arm went up by 0.66 (8.11%) with no
effect in T1.

2.4.2 Occupational choice and Earnings

We also examine the impact of the intervention on the type of work (self-employed, salaried,
or casual labor) in order to test for occupational shifts in Table We find that, while wives
experienced no overall treatment impact on their work status as reported in Table 2.5] their
self-employment in the network treatment group increased by 4.5 pp (column (3) of Table [2.7).
This appears to be accompanied by an insignificant reduction in their engagement in causal
labor (column (11), p>0.10), indicating a substitution away from precarious work for wives
in the network treatment group. We find a similar movement away from casual labor for the
non-network treatment group (p<0.10), however, a shift to self-employment is absent (column
(3), coefficient on T1). This may be a key factor driving the reduction in the work days and work
hours of the non-network group, as reported in Table[2.6] There is no significant impact in terms
of salaried jobs for women (columns (5) and (7)) in either treatment arm. Husbands too appear
to be substituting away from casual work (column (12)), but without a significant increase in
self-employment (column (4)).

Next, we examine whether the observed impact on labor force participation and occupational
change affected monthly (individual) earnings, as reported in Table The overall treatment
effect is muted for wives (column (1)), yet hides significant heterogeneity by treatment type.
In particular, we find that the non-network treatment wives experienced a contraction in their
earnings (imprecisely estimated) relative to the control group (column (3), p<0.10), consistent
with their withdrawal from casual labor discussed earlier. In contrast, their network treatment
counterparts were successful in avoiding such contraction to their earnings (coefficient is sig-
nificantly different from the non-network coefficient, p=0.01). For husbands, the intervention

has a large and positive significant impact on average monthly earnings, driven by the network

28We add a positive value of 0.01 before the log transformation to account for zero values of earnings. Alterna-
tively, we also use an IHS transformation of monthly earnings and add a positive value of 1 to reported earnings
before the log transformation. Results are qualitatively similar and thereby not sensitive to the log transformation.
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treatment group whose earnings more than doubled relative to the control group (column (4) of
Table [2.8)).

In order to shed more light on the nature of the additional earnings of husbands, we also
examine in Appendix Table[2A.9|the treatment effects on whether the remuneration for work is in
the form of Salary (columns (1)-(4)), Piece-rate (columns (5)-(8)) and Daily wage (columns (9)-
(12)). We find that the intervention results in husbands shifting to relatively more secure salaried
(column(2)) and away from vulnerable piece-rate (column(6)) and daily wage (column(11))
payment arrangements. While the magnitude of change is similar between the two treatment
arms for piece-rate (p=0.86) and daily wage (p=0.66) payments, it is significantly higher for
the network treatment husbands relative to the non-network treatment husbands for salaried
payments (p=0.09). This provides further confirmation for our earlier findings on occupational
shifts for husbands, and the role of network treatment in driving these changes. Consistent with
the overall insignificant impact on wives’ earnings discussed earlier, the effect on wives’ type of
earnings also remains muted.

We also instrument for registration on the portal with random assignment to treatment (either
T1 or T2) to obtain treatment on treated (TOT) estimates, given the low platform registration
rates (about 25% amongst main respondents and 35% amongst treated peers)E;] Our findings
are similar — we find an insignificant impact on registered wives’ work outcomes with a larger
estimate on the intensive margin of work (~1.5, p<0.05) and monthly earnings (=3.3, p<0.05) of
registered husbands. The impact on the work status of registered husbands (wives) is positive
(negative) and close to the ITT effect of T2 at 4.2 pp but imprecisely estimated (p>0.10) as in
Table 2.5 above.

To summarize, we find that husbands’ probability of working, the intensity of work, and
earnings in the network treatment group are higher relative to the control group, with no
significant gains for the non-network group 14 months after the intervention. In case of wives,
while their labor market participation or earnings did not improve overall, we find an increase in
the proportion of self-employed married women in the network treatment groupF_G] In contrast, we
observe a marginal decline in women’s work intensity (and hence, earnings) in the non-network
treatment group, driven by a reduction in casual work. This may be attributed to their increased
awareness and anticipation of improved work opportunities coming through the job portal, that

lowered their inclination to take up precarious work. This is consistent with Kelley et al.| (2022)

2We use the same set of control variables and cluster standard errors at the PS level as in the main specification.
30We continue to find similar effects if we condition the sample on those who report working at baseline.
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who find that voluntary unemployment among vocational trainees rose due to higher expectations

following registration on an online job portal in India.

2.4.3 Attrition

As mentioned previously, attrition is negligible in our data (below 5%). Nonetheless, we restrict
the sample to a balanced panel of couples who were successfully followed up in all rounds of the
survey to check the robustness of our results to selective attrition. This comprises 96% of our
original sample. The regression results for the balanced sub-sample in Appendix Table[2A.10]
show that our results remain unchanged. We continue to find that the probability of working,
the intensity of work (workdays and work hours), and earnings in the network treatment group
for husbands is higher relative to the control group. The higher beneficial effect in T2 (network
treatment) over T1 holds for both husbands and their wives.

Furthermore, we follow (Ghanem et al.| (2021)) to test for attrition bias in our sample. For
this, we test for the differences in mean baseline outcomes across the treatment arms for the
non-attriters and the attriters. Appendix Table [2A.11|reports the baseline mean for two main
outcome variables: (i) work status (Panel A), and (ii) average monthly earnings (Panel B).
Columns (1)-(3) report the mean for the non-attriters while columns (4)-(6) report it for the
attriters. In columns (7)-(8), we report the p-values of the test of mean differences between the
treatments and control group for the non-attriters, while the corresponding p-values for attriters
are in columns (9)-(10). We find that both these baseline outcomes are similar across control and
treated non-attriters in both the treatment arms (columns (7)-(8)) as well as treated and control
group attriters (columns (9)-(10)). Additionally, there are no significant differences in both
these outcome variables amongst all treatment-response subgroups, i.e. between the treatment
and control respondents and attriters. Therefore, the difference in mean outcomes at endline
identifies the treatment effect on our sample since the identifying assumption of internal validity

is satisfied P1]

3'We also carried out the standard inverse-probability weighted (IPW) approach. Our results are robust to
correction for selection on observed household and individual characteristics as well as multiple hypotheses tests.

25



Social Networks, Gender Norms and Women’s Labor Supply

2.5 Mechanisms

2.5.1 Role of social networks

What explains the null effect of the network treatment effect on the labor force participation of
wives, and the positive and significant effect on the labor market outcomes of their husbands?
We argue that the gendered nature of the social networks of wives and husbands in our setting
plays a key role. Two stylized facts are relevant here. First, wives’ social networks are more
family-centric and home-bound, relative to their husbands’. In particular, as reported in Table
3, 96% of the average woman’s peer network consists of non co-resident family members or
neighbors compared to 56% for her husband. Second, there exists a significant overlap between
wives’ peers and their husbands’ peers - a quarter of an average wife’s peers are her male
relatives (e.g. brothers-in-law). Together, this implies that men (and husbands) in the network
treatment group likely benefited more than women from the diffusion of information about job
opportunities from the job portal within the network, while wives’ labor market participation
remained constrained.

We directly test this network-based explanation for the positive employment effects of
husbands using two approaches. First, we examine the effect of network treatment on the labor
market outcomes of the wife’s male and female peers separately. We pool the sample of all peers
of the wife (baseline + intervention) and instrument the peers’ treatment status with a dummy
variable that equals one if the wife was assigned to the network treatment group (T2) and zero if
she was assigned to either the non-network treatment group (T1) or the control group in a 2SLS
specification. The results are reported in Table We find that being in the network treatment
arm (T2) improved the labor market outcomes of only the male peers of the wife and had no
impact on the wife’s female peerst] Male peers’ were more likely to work (Panel A, column
(1)), work longer hours (columns (2) - (3)) and enjoy higher earnings (column (4))@

Second, we examine whether the husband’s employment varies by the overlap with his wife’s

32We control for the peers’ age, education, and occupation code as reported in the first instance they were
surveyed, i.e. at baseline and at intervention (for the new peers suggested for treatment who were not initially
surveyed at baseline). Since we do not have baseline data for all the peers, we are not able to control for the baseline
labor market outcomes or the household characteristics as in our main specification.

30ur results continue to hold qualitatively and with much larger magnitudes when we restrict the sample to peers
reported at baseline, confirming that the findings are not driven by a systematic difference in network characteristics
between baseline and intervention.

3Qur finding aligns with Beaman et al. (2018), who show that men are more likely to refer other men for job
openings despite knowing qualified women due to strong gender homophily, but women do not, in a field experiment
they conduct in Malawi.
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network. Husbands in the network treatment who shared their social network with wives (at
baseline) were indeed more likely to be employed one year after the intervention (Appendix
Table 2A.12] columns (2) and (4)). Presence of non-co-residing relatives and neighbors in the
wife’s social network (at baseline) benefits husband’s work status significantly improves the
probability that the husband is working at endline. In addition, using self-reported data, we
find that conditional (unconditional) on interest in registering on the portal, husbands in the
network treatment group were 15 (5.2) pp more likely to receive job offers as shown in Table
[2.11] columns (2) and (4). This was not the case for wives (columns (1) and (3)). Moreover,
husbands received 0.20 additional job offers in T2 relative to the T1, as shown in column (6)
The husbands who got job offers from the portal are more likely to be employed at endline.
Such increased employment of husbands in the network treatment group may be directly achieved
through greater sharing of information within the network, as well as indirectly via referrals from
peers of the wife. We find that husbands whose wives had a majority of their treated network
made up of family members (specifically, female members) are 4.6 pp (p<0.05) more likely
to be employed in T2. We expect women with a larger share of family female peers to face
greater social restrictions relative to those with more men in the network, thereby they are more
likely to pass on employment opportunities to their husbands or male peers. This possibility is
further substantiated by a higher likelihood of employment among husbands if the male peers
of the wife got a job offer. Note that a job offer can be passed on to husbands only if they are
gender-neutral, i.e. can be performed by both men and women. Indeed, we find that 8 of the total
12 job categories were offered to both men and women. These results are available on request.
To test the network-based explanation for the wives’ null effects in employment in the
network treatment group, we look at heterogeneous treatment effects by the type of relationship
with peers in the baseline. We find that a movement from the 25" to the 50" percentile of the
proportion of peers composed of non co-residing relatives is associated with a 4.9 pp (p<0.01)
lower probability of the wife being employed a year later in the network treatment group, with

no such heterogeneity for husbands (Appendix Table [2A.13]) FE] This indicates that the structure

3 Note that the platform records only matched or accepted job offers, not all job offers. Hence we collected
detailed data on job offers through the survey at endline. However, the portal data also corroborates our findings
from the endline survey. Of the 99 job offers recorded on the platform, more than two-thirds of the job offers were
received by individuals treated with the network, compared to those treated without a network. Clearly, the job
information flow was larger in T2 relative to T1.

3This is obtained by dividing the estimated coefficient of 19.4 pp (column (1) of Appendix Table by the
change in the proportion of peers composed of non co-residing relatives as we move from the 25" percentile (=0.5)
to the 75" percentile (=0.75).
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of the wives’ social network constrained their labor market outcomes either due to fewer weak
ties (required for job information and referrals) or due to conformation to gender norms, or both.

We turn to the role of the latter in the next section.

2.5.2 Role of social norms

What explains the positive effect of the network treatment on wives’ self-employment? We find
that the wives’ increased self-employment in the network treatment group is attributable to an
increase in the probability that they were self-employed in their own business manufacturing
activity (Appendix Table[2ZA.T4)) - primarily home-based work, such as tailoring. Recall that at
baseline, among the wives who reported working, the proportion self-employed was the largest.
In addition, we observed a high preference (80%) among our couples for home-based work
for women and male breadwinner norm. These self-reported preferences are validated by the
platform registration data which show that, on average, registered women were willing to travel
only half the distance of the male job seekers and preferred jobs that were home-based. Thus our
results indicate that in the network treatment group, while husbands took advantage of greater
access to job information via the portal, wives conformed to the gender norm of women’s role
being primarily of a homemaker and working (if at all) from home.

We also find that the treatment effect for wives in the network treatment group is driven by
those women whose treated female peers also took up self-employment (column (2) in Appendix
Table 2A.15). This suggests that network treatment may have initiated discussions within
couples around increased employment opportunities for women. Wives backed by their female
peers could now bargain with husbands to jointly start their own manufacturing business that is
consistent with underlying gender norms. A similar effect was not observed in the non-network
treatment as wives might not have been able to initiate these discussions without support from
their network.

Our findings on gender attitudes and norms also show that the perception of treated husbands
regarding mothers’ childcare responsibilities was similar to the control group (columns (12)
and (16) of Appendix Table 2A.16). Further, they showed no increased interest in sharing
the domestic chores if the wife worked (see column (16) of Appendix Table 2A.17). These
results indicate that while the treatment may have helped in smoothing some of the job search
constraints faced by women, it is not sufficient to overcome the burden of domestic work and the

resulting mobility constraints faced by them. This mechanism is also validated by the reported
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reasons why wives didn’t take up jobs offered through the portal - family responsibilities and job
location ]

2.5.3 Alternative explanations

In this section we attempt to rule out other possible explanations for our findings. First, are
women less likely to take up new digital technology resulting in the gender-differentiated
treatment effects? As Table[2.10]shows, both wives and husbands had higher rates of registration
on the platform, conditional on interest, in the network treatment group relative to the non-
treatment group (columns (5) and (6)). However, there were no significant gender differences in
the take-up of the technology in terms of registration on the platform@

Second, it may be argued that there exists insufficient demand for women’s labor, especially
if there were systematic gender differences in the recovery of the labor market during the post-
pandemic period, which might explain the null effect on women’s employment. In other words,
women’s employment did not increase because there were just no jobs for women. However, the
last two rows in Table indicate that the (unconditional) job offer rate for wives was similar
(if not marginally higher) to that of their husbands (9% compared to 7%) in the placebo group,
i.e. the non-network group. Hence, it does not appear to be the case that there was insufficient
demand for women’s work. Second, looking at the broader time trends of female labor force
participation in Delhi and urban India post-pandemic, we find that female employment rates
had already begun to recover from losses during the pandemic around the time of our endline
in 2021, indicating the potential of digital job search platforms in further boosting demand for
women’s labor at this time (see Appendix Figure 2A.T).

Third, could the increase in employment rates of husbands in the network treatment group
(T2) be driven by a response to job losses during the pandemic? We find no differential
employment outcomes for husbands in T2, either by job loss during the pandemic or work status
right after the pandemic-induced lockdown at Endline 1 (results available on request). Thus,
husbands in T2 who lost their jobs during the pandemic or were not employed up to 6 months
after (at Endline 1) show a similar impact of the intervention as husbands who did not lose their

jobs during the pandemic or found work.

37Child-care and home-production responsibilities, and job being located too far are recurring reasons reported
by wives for not registering on the job matching platform.

3Furthermore, we do not find any heterogeneity in our results by mobile phone ownership or usage of the
respondent.
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Fourth, could the observed increase in wives’ self-employment in the network treatment
group be driven by an income effect or supply-side factors, e.g. increased ability to invest in a
home-based venture (viz. purchasing a sewing machine) due to the observed increase in their
husband’s earnings? We find that the higher participation in self-employment is driven by wives
whose husbands were working at baseline but is not positively impacted by gains in husbands’
work status or earnings between baseline and endline. This rules out the possible income effect
from intervention driving the observed increase in the wife’s self-employment.

Fifth, it is possible that network-mediated self-employment opportunities, e.g. changes
in labor demand that wives in the network treatment group took advantage of through their
network, could be driving the estimated effect. For instance, anecdotal evidence suggests that
many manufacturing units switched to stitching masks and PPE kits, primarily by women and
possibly outsourced from factories close to women’s homes, during the pandemic. Hence, we
check for any heterogeneity in treatment effects by the average minimum distance between the
polling station and the closest factory (the average minimum distance was 1.4 kms, while the
average maximum distance was 3.9 kms). We don’t find any difference in treatment effects here,
suggesting that network-mediated access to demand for women’s labor does not drive the results.

Finally, we do not find evidence of differential impacts of the two treatments on gender norms
driving our results. We report the estimated effect of treatment (using our main specification) on
indexes of attitudes towards gender roles and women’s outside work in Table Treatment
reduces the index of regressive gender attitudes by almost 0.2 SD for wives and husbands
(columns (1) and (2)), compared to the control group. This is not statistically different between
treatment groups for both sexes (columns (3) and (4)). While we do not find a strengthening of
the progressive attitudes towards women working outside the home, wives in T1 exhibit a more
positive attitude (column (5)) but this effect does not differ across the two treatments (column
(7)). Moreover, there is a null effect of treatment on the attitudes of husbands toward women’s
outside work. Clearly, access to technology has the potential to increase the perceived returns to
wives’ work by weakening regressive gender norms. But being treated with the network has no
differential effect on these attitudes, strengthening our proposed channel of a greater flow of job

information in the network treatment, that men took advantage of in T2, relative to T1.

¥ See notes to Table for details on the construction of the indices. For the disaggregated impact of treatment
on gender attitudes by each component of the indexes see Appendix Tables 2A.16and
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2.6 Conclusion

In this study, we implement a cluster RCT in urban India that offers a new job search technology
to married couples or offers the technology to the couple along with harnessing the network of
the wife by offering the treatment to two of her friends as well. Our results indicate significant
positive effects on the labor market participation, work intensity, and earnings of husbands in the
network treatment arm compared to the only husband-wife pair treatment, relative to the control
group. However, wives’ overall labor force participation does not change, although their labor
market outcomes are significantly better in the network treatment, they are more likely to report
being self-employed when treated with their peers. Although the implications of our findings
for women’s overall welfare is unclear, existing literature suggests that increased earnings from
work outside the home raises women’s intra-household bargaining power (e.g. /Anderson and
Eswaran| (2009)). Given our results, we do not find any improvement in the say wives’ have in
intra-household decision-making in either treatment arm.

These findings highlight the role of gendered social networks and social norms in producing
gender-differentiated effects of new technology on labor market outcomes. While social networks
play a role in the adoption of new technology, their gendered structure may benefit men and also

lead to conformation to prevalent social norms.
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Figures and Tables

Figure 2.1: Sampled districts, and polling stations by treatment status
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Table 2.1: Timeline of study

Date Round Unit Full Sample Matched Sample
May-July 2019 Baseline Household 1613 1514
Individual 3127 3028
Peers in Network 3468 3468
Nov 2019-Jan 2020 Intervention Household 1549 1383
Individual 2972 2878
Peers in Network 893 (treated) 881
Apr-Aug 2020 Nation-wide Lockdown Due to Covid-19 Pandemic
Aug-Nov 2020 First Endline Household, 1588 1449
Individual 3069 2976

Peers in Network 3583 (baseline+treated) 3575

Apr-June 2021 Second Endline Household, 1555 1422
Individual 2981 2891
Peers in Network 3522 (baseline+treated) 3511
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Table 2.2: Summary statistics (at baseline)

Variable N Mean S.D. Definition

Panel A: Household Characteristics

Household Size 1514 5.29 1.84 number of household members

Joint Family 1514 0.19 0.39 =1 if more than one couple present in
the household, 0 otherwise

Young Children 1514 0.57 0.70 =1 if the couple has children below 5
years of age, 0 otherwise

Hindu 1514 0.82 0.38 =1 if household reports Hindu religion,
0 otherwise

SC/ST 1510 044 0.50 =1 if household belongs to scheduled
Caste or Tribe, 0 otherwise

Asset Index 1471 0.00 1.00 PCA of assets

Native 1514 0.36 0.48 =1 if household native of Delhi, O oth-
erwise

Years of stay 1512 28.76 14.08 number of years the household has

stayed in current location

Panel B: Individual Characteristics

Age 3028 3271 6.52 years

Education 3025 0.62 0.48 =1 if above primary level of education,
0 otherwise

Phone usage 3028  0.94 0.24 =1 if use mobile phone, 0 otherwise

Working 3028  0.60 0.49 =1 if working, 0 otherwise

Casual labor 3028  0.16 0.37 =1 if working for wages in factories,

construction, domestic help or other
casual activities, 0 otherwise

Self-employed 3028  0.21 0.41 =1 if self-employed in retail, own
business manufacturing or other self-
employment activities, 0 otherwise

Salaried 3028  0.22 0.41 =1 if working as salaried employee in
government or non-government organ-
isations, O otherwise

Unemployed 3028  0.03 0.16 =1 if not working but looking for work,
0 otherwise

Not in labor force 3028  0.38 0.48 =1 if not working and not looking for
work, 0 otherwise

Earnings 3028  6027.65 13207.69 Monthly income (in INR)

Earnings (Conditional) 1691 10793.45 16154.85 Monthly income conditional on being
employed

Panel C: Network Characteristics

Age 3466  36.23 11.39 in years

Female 3468 0.38 0.48 =1 for females, 0 otherwise

Education 3462  0.66 0.48 =1 if above primary level of education,
0 otherwise

Working 3468 0.64 0.48 =1 if working, 0 otherwise

Unemployed 3468  0.06 0.23 =1 if not working but looking for work,
0 otherwise

Not in labor force 3468  0.31 0.46 =1 if not working and not looking for

work, 0 otherwise

Note: The Asset Index is constructed using the principal components analysis (PCA) on the households’ ownership
of different assets (flat, box TV, LCD TV, fridge, clock, stove, cycle, bike, car fan, cooler, AC, computer, mobile,
sewing machine, agricultural land, rented land and farm animals).
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Table 2.3: Work status and social networks, by gender (at baseline)

Wife Husband  Wife-Husband

Panel A: Labor Force Participation

Working 0.24 0.96 -0.72%%%
(0.42) (0.20)

Casual labor 0.07 0.25 -0.18%*%%*
(0.26) (0.44)

Self-employed 0.11 0.30 -0.19%**
(0.32) (0.46)

Salaried 0.04 0.40 -0.35%*%*
(0.21) (0.49)

Unemployed 0.02 0.04 -0.02%%*
(0.13) (0.19)

Not in labor force 0.75 0.01 0.747%**

(0.13) (0.19)
Monthly earnings (INR) 908.48 11146.82 -10238%***
(75.29) (436.13)

Panel B: Social Network
(by relationship and gender)

Non co-resident relative ~ 0.75 0.39 0.35%**
(0.30) (0.37)

Friend 0.04 0.37 -0.33%%*
(0.12) (0.37)

Neighbor 0.21 0.17 0.04%**
(0.29) (0.27)

Co-worker 0.00 0.07 -0.06%**
(0.04) (0.18)

Female 72.06 12.38 59.68***
(0.25) (0.21)

N 1514 1514

Note: In Panel A, we report the mean labor force participation of wives and husbands at baseline. An individual is
either working, unemployed (and looking for work) or not in labor force (not working and not looking for work).
Working status is classified into three categories - (1) Casual labor, (2) Self-employment and (3) Salaried Work.
In Panel B, the social network of an individual is classified on the basis of the relationship with the member in
the network at baseline. These can be relatives who are not co-residing with the respondent, friends, neighbors
or co-workers. In each Panel, the last column reports the difference in the mean value of wife and husband (***
p<0.01, ** p<0.05, * p<0.1).
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Table 2.4: Attitudes and preferences towards women’s work, by gender (at baseline)

Wife Husband Wife - Husband
(D 2) (3)

Panel A: Attitude towards gender roles

‘Woman should take care of home 0.8 0.88 -0.078%**
(0.4) (0.33)

Woman should support husband’s career 0.86 0.73 0.13%**
(0.34)  (0.44)

If mother works children suffer 0.88 0.88 0
(0.33)  (0.33)

If mother works poor relationship with children ~ 0.36 0.3 0.06%**

(0.48)  (0.46)

N 1513 1510

Panel B: Attitude towards women’s outside work

Woman can travel outside locality 0.88 0.88 -0.01
(0.33)  (0.33)

‘Woman can work outside home 0.91 0.84 0.06%**
(0.29)  (0.36)

Woman can work even if husband provides 0.6 0.33 0.27%**
0.49) (0.47)

If woman works husband shares domestic duties  0.95 0.97 -0.025%%#%*

0.22)  (0.16)

N 1513 1506

Panel C: Job preferences for women

Salaried 0.67 0.78 -0.10%**
0.47)  (0.42)

Casual 0.08 0.03 0.05%**
0.27)  (0.18)

Domestic help 0.02 0.01 0.0] %k
(0.15)  (0.09)

Home-based 0.81 0.78 0.03**
0.39) (041

Should not work 0.02 0.03 -0.17%%

(0.13)  (0.17)

N 1514 1514

Note: In Panels A and B, each row is an indicator variable that takes value one if an individual agrees with a
statement, and zero otherwise. In Panel A, the questions corresponding to each row were: (1) It is much better for
everyone involved if the man is the achiever outside the home and the women takes care of the home and family;
(2) It is more important for a wife to help her husband’s career than to have one herself; (3) When a mother works
for pay, the children suffer; (4) A working mother cannot establish just as warm and secure a relationship with
her children as a mother who does not work. In Panel B, the corresponding questions were: (1) In your opinion,
is it acceptable for an adult woman to travel outside the locality if she wants to?; (2) In your opinion, should an
adult woman work outside of home if she wants to?; (3) Do you approve of a married woman earning money if she
has a husband capable of supporting her?; (4) In your opinion, if the wife is working outside the home, should the
husband help her with household/care duties? Panel C lists the type of jobs considered suitable for themselves by
wives (column (1)) and by husbands for their wives (column (2)). Each row of the table indicates a type of job which
takes value one if an individual reported it to be suitable for herself/wife and zero otherwise. Salaried indicates
job in govt or private establishment (e.g. office, school, hospital), Casual indicates factory-based or construction
work, Domestic help is domestic work, Home — based is work from home and Not work represents preference
for not working at all. The last column (column (3)) reports the differential in wife’s and husband’s attitudes and
preferences (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.5: Impact of treatment on work status (> 1 year after intervention)

Wife Husband Wife Husband
(D (2) (3) 4)
Treatment -0.013 0.012
(0.025) (0.018)
T1 (without network) -0.044 -0.018
(0.027) (0.020)
T2 (with network) 0.019 0.044*%*
(0.029) (0.020)
Baseline Y 0.938***  (0.193  0919***  0.191
(0.035) (0.173) 0.041) (0.178)
p-value [T1=T2] [0.02] [0]
Observations 1,377 1,377 1,377 1,377
R-squared 0.177 0.046 0.181 0.053
Mean Y 0.23 0.94 0.23 0.94

37

Note: The dependent variable is an indicator variable that takes value one if an individual is working in reference
period and zero otherwise. Columns (1)-(2) report the combined treatment effect using equation while
Columns (3)-(4) report it for equation (2.2)), by gender. The p-values correspond to test of equivalence in the
treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’ denotes the mean value of the dependent
variable for the control group at baseline. All specifications control for household characteristics (asset index, joint
family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and individual
characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors
clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.6: Impact of treatment on work status on the intensive margin (> 1 year after intervention)

Wite Husband Wite Husband
(1) (2) (3) 4)
Panel A: Number of days worked in a month
Treatment -0.484 1.715%%*
(0.545) (0.771)
T1 (without network) -1.228%%* 1.539%*
(0.591) (0.820)
T2 (with network) 0.286 1.901*%*
(0.639) (0.830)
Baseline Y 0.182***  0.080*  0.185***  0.080*
(0.067) (0.047) (0.067) (0.047)
p-value [T1=T2] [0.01] [0.54]
Observations 1,377 1,377 1,377 1,377
R-squared 0.173 0.048 0.177 0.048
Mean Y 5 22.75 5 22.75
Panel B: Number of hours worked in a day
Treatment -0.191 0.435
(0.156) (0.326)
T1 (without network) -0.367** 0.221
(0.176) (0.345)
T2 (with network) -0.009 0.661*
(0.180) (0.353)
Baseline Y 0.283*** (. 186%** (.284*** (), 186%**
(0.071) (0.034) (0.071) (0.034)
p-value [T1=T2] [0.04] [0.08]
Observations 1,377 1,362 1,377 1,362
R-squared 0.193 0.058 0.196 0.061
Mean Y 1.05 8.15 1.05 8.15

Note: The dependent variable in Panel A (B) is the average number of days worked in a month (the number of hours
worked in a day) in the reference period. Days worked in a month were calculated by multiplying the number of
days worked in a week by four. In Panel B, we drop the outliers where the number of hours reported were above 14
per day. Columns (1)-(2) report the combined treatment effect using equation while Columns (3)-(4) report
it for equation (2.2), by gender. The p-values correspond to test of equivalence in the treatment effect between
the two treatment arms (T1 and T2). In Panel A and B, ‘Mean Y’ denotes the mean value of workdays and work
hours (without IHS transformation), respectively, for the control group at baseline. All specifications control for
household characteristics (asset index, joint family, number of children, SC/ST, Hindu religion, native, and years
staying in current location) and individual characteristics (above primary education, age (in years), occupation type,
mobile usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05,

* p<0.1).
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Table 2.7: Impact of treatment on type of work (> 1 year after intervention)

Employment Type Self-employed Salaried Casual labor

Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband

) 2 (3) “) (%) (6) (N (®) ©)) (10) 1) 12)
Treatment 0.015 0.036 -0.001 0.027 -0.030* -0.042
(0.016) (0.025) (0.009) (0.026) (0.017) (0.032)
T1 (without network) -0.013 0.042 0.001 0.016 -0.034*  -0.067*
(0.014) (0.026) (0.011) (0.029) (0.020) (0.036)
T2 (with network) 0.045%* 0.030 -0.002 0.039 -0.025 -0.016
(0.022) (0.031) (0.011) (0.031) (0.017) (0.039)
Baseline Y 0.158%** — 0.417*%% 0.157*%* 0.416%** 0.340%**% (0.290%** 0.340*** (.291%** (.332%** (.228*** (.332%*%* (.226%**
(0.041) (0.032) (0.041) (0.032) (0.071) (0.035) (0.071) (0.035) (0.056) (0.064) (0.057) (0.064)
p-value [T1=T2] [0] [0.68] [0.81] [0.46] [0.6] [0.18]
Observations 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377
R-squared 0.073 0.225 0.082 0.226 0.182 0.148 0.182 0.149 0.128 0.116 0.128 0.118
Mean Y 0.12 0.32 0.12 0.32 0.05 0.39 0.05 0.39 0.06 0.23 0.06 0.23

Note: The dependent variable is an indicator variable for type of work. In Columns(1)-(4), it takes value one if an individual is self-employed and zero otherwise. Similarly,
Columns (5)-(8) and Columns(9)-(12) are indicator variables for salaried and casual labor, respectively. Columns (1)-(2), (5)-(6) and (9)-(10) report the combined treatment
effect using equation (3B.1) while Columns (3)-(4), (7)-(8) and (11)-(12) report the treatment-wise effect for equation (2.2), by gender. The p-values correspond to test of

equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’ denotes the mean value of the dependent variable for the control group at baseline.

All specifications control for household characteristics (asset index, joint family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and
individual characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at PS level are reported in parentheses
(*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.8: Impact of treatment on monthly earnings (> 1 year after intervention)

Wite Husband Wite Husband
(1) (2) (3) 4)
Treatment -0.211 0.924%**
(0.299) (0.442)
T1 (without network) -0.605* 0.668
(0.320) (0.463)
T2 (with network) 0.196 1.195%%*
(0.349) (0.467)
In(Baseline level) 0.232%**  (0.082*  0.238***  (.083*
(0.082) (0.045) (0.082) (0.045)
p-value [T1=T2] [0.01] [0.08]
Observations 1,377 1,377 1,377 1,377
R-squared 0.178 0.045 0.183 0.047
Mean Y 889.07 1151543 889.07 1151543

Note: The dependent variable is a log transformation of the monthly earnings. Columns (1)-(2) report the combined
treatment effect using equation (3B.I) while Columns (3)-(4) report it for equation (2.2), by gender. The p-values
correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’
denotes the mean value of monthly earnings (without log transformation) for the control group at baseline. All
specifications control for household characteristics (asset index, joint family, number of children, SC/ST, Hindu
religion, native, and years staying in current location) and individual characteristics (above primary education,
age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at PS level are reported in

parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.9: Impact of treatment on employment outcomes of wife’s network (2SLS) (> 1 year
after intervention)

Extensive Margin Intensive Margin (In)
Working Days Hours Income
(per week) (per day) (Monthly)
(D) (2) 3) 4)
Panel A: Male peers
Treatment 0.118%*** 1.236%*%  1.209%** 2 983***
(0.044) (0.412) (0.381) (0.946)
Observations 394 394 394 394
R-squared 0.160 0.140 0.144 0.129
Mean Y 0.79 6.8 4.43 8843.30

Panel B: Female peers

Treatment -0.025 -0.275 -0.213 -0.383
(0.030) (0.236) (0.232) (0.483)
Observations 1,428 1,428 1,428 1,428
R-squared 0.139 0.152 0.148 0.149
Mean Y 0.19 1.34 1.04 2640.48

Note: The sample consists of all (baseline + intervention) peers of the wife in T1, T2 and the control group.
’Treatment’ is a dummy variable that equals one if the wife’s peer was offered platform registration and zero
otherwise. We use 2SLS estimation model and instrument the peers’ treatment status with a dummy for whether the
wife was randomly assigned to T2 or not. The dependent variable in column (1) is an indicator variable that equals
one if the peer is working in the reference period, and 0 otherwise. Columns (2)-(4) are the IHS transformations of
the workdays (per week), hours (per day), and monthly earnings. ANOVA specification is used in this analysis as
intensive margin data of peers is not reported at the baseline. ‘Mean Y’ denotes the mean value for the peers of
wives in the benchmark group (control + T1) at Endline 1 of the dependent variable in Column (1) and mean value
without IHS transformation for the dependent variables in Columns (2)-(4). Standard errors clustered at PS level are
reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.10: Impact of network on interest in and registration on job matching platform

Interested Registered Registered
(Unconditional)  (Conditional on interest)

Wife Husband Wife Husband  Wife Husband

(D (2) (3) 4) (%) (6)

T2 (with network) -0.021  -0.090**  0.034 0.033 0.079* 0.126%%*
(0.049) (0.040) (0.033) (0.026) (0.046) (0.038)
Difference (Wife-Husband) 0.069** 0.001 -0.048
(0.034) (0.035) (0.052)

Observations 921 922 921 922 562 621
R-squared 0.048 0.042 0.064 0.041 0.084 0.079
Mean T2 0.66 0.67 0.25 0.29 0.42 0.47
Mean T1 0.66 0.75 0.22 0.26 0.35 0.36

Note: The sample is restricted to the treatment 1 (T1) and treatment 2 (T2) groups. The dependent variables are
indicator variables that take a value of one if an individual reports being interested in registering for the portal
(Columns (1)-(2)), registers on the portal (Column (3)-(4)) unconditional on being interested to register, and registers
on the portal conditional on being interested in registering (Column (5)-(6)). The first row reports the impact of
T2 relative to the benchmark category of T1. The second row (Difference) reports difference in the estimated
coefficients of each dependent variable for the wife and the husband. ‘Mean T2 (Mean T1)’ reports the mean of the
dependent variable for T2 (T1) group. All specifications control for household characteristics (asset index, joint
family, number of children, SC/ST, hindu religion, native, and years staying in current location) and individual
characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors
clustered at PS level are reported in parentheses (¥** p<0.01, ** p<0.05, * p<0.1).
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Table 2.11: Impact of treatment on job-offers from matching platform (self-reported)

Job offer Job offer Job offers
(Unconditional) (Count)

Wife  Husband  Wife Husband  Wife Husband
(D) ) (3) 4) 5 (6)

T2 (with network) 0.001  0.052*%*  0.022 0.150***  0.080 0.202%**
(0.020) (0.021) (0.041) (0.045) (0.056) (0.069)
Difference (Wife-Husband) -0.051% -0.128%** -0.122
(0.027) (0.059) (0.085)
Observations 886 887 362 348 362 348
R-squared 0.012 0.018 0.041 0.071 0.038 0.065
Mean T2 0.09 0.11 0.23 0.3 0.3 0.37
Mean T1 0.09 0.07 0.21 0.17 0.23 0.19

Note: The sample is restricted to the treatment 1 (T1) and treatment 2 (T2) groups. The dependent variables in

columns (1) - (2) are indicator variables that equal one if an individual reports receiving a job offer from the portal,
and 0 otherwise. In columns (3)-(4)), the indicator of job offer is conditional on registration on the portal. Columns
(5)-(6) report the number of job offers received during the reference period, conditional on registration. The first row
reports the impact of T2 relative to the benchmark category of T1. The second row (Difference) reports difference in
the estimated coefficients of each dependent variable for the wife and the husband. ‘Mean T2 (Mean T1)’ reports
the mean of the dependent variable for T2 (T1) group. All specifications control for household characteristics (asset
index, joint family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and
individual characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline.
Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2.12: Impact of treatment on gender attitudes (> 1 year after intervention)

Index of attitude towards gender roles Index of attitude towards women’s outside work
Wife Husband Wife Husband Wife Husband  Wife Husband
ey 2 3) “) (%) (6) @) (®)
Treatment -0.188***  -0.196%** 0.081%* -0.047
(0.069) (0.052) (0.046)  (0.042)
T1 (without network) -0.227%**  -(0.224%** 0.109%* -0.045
(0.083) (0.056) (0.050) (0.048)
T2 (with network) -0.148*  -0.166%** 0.053 -0.048
(0.085) (0.078) (0.052) (0.051)
Baseline Y 0.053 0.045 0.050 0.044 0.087** 0.155%** 0.088** 0.155%%*
(0.039) (0.037) (0.039) (0.037)  (0.035) (0.032)  (0.035) (0.032)
p-value [T1=T2] [0.41] [0.5] [0.19] [0.95]
Observations 1,375 1,372 1,375 1,372 1,375 1,370 1,375 1,370
R-squared 0.043 0.033 0.045 0.034 0.050 0.059 0.051 0.059
Mean Y 0.04 -0.05 0.04 -0.05 0.09 -0.08 0.09 -0.08

Note: The dependent variables are Attitude Indices created by taking an equal weighted average of the standardised

Z-scores (Z(y) = % where, Y is the mean value of y for the control group and sd is the standard-deviation for
the control group) of the responses to questions on gender attitudes. In columns(1)-(4), we have Index of attitudes
towards gender roles that is constructed using responses to - (1) It is much better for everyone involved if the man is
the achiever outside the home and the women takes care of the home and family, (2) It is more important for a wife
to help her husband’s career than to have one herself, (3) When a mother works for pay, the children suffer, (4) A
working mother cannot establish just as warm and secure a relationship with her children as a mother who does
not work. And in columns (5)-(8), the Index of attitudes towards women’s outside work is weighted average of the
responses to the following questions - (1) In your opinion, is it acceptable for an adult woman to travel outside the
locality if she wants to?, (2) In your opinion, should an adult woman work outside of home if she wants to?, (3) Do
you approve of a married woman earning money if she has a husband capable of supporting her? and (4) In your
opinion, if the wife is working outside the home, should the husband help her with household/care duties? Columns
(1)-(2) and (5)-(6) report the combined treatment effect using equation while Columns (3)-(4) and (7)-(8)
report the treatment-wise effect, by gender. The p-values correspond to test of equivalence in the treatment effect
between the two treatment arms (T1 and T2). ‘Mean Y’ denotes the mean value of the dependent variable for the
control group at baseline. All specifications control for household characteristics (asset index, joint family, number
of children, SC/ST, Hindu religion, native, and years staying in current location) and individual characteristics
(above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at
PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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2.A Appendices

2.A.A Additional Figures and Tables

Figure 2A.1: Employment trends by gender

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

——— Male (Urban Delhi) —#—— Female (Urban Delhi)
——4—- Male (Urban India) ——¢—- Female (Urban India)

Source: Periodic Labour Force Survey (PLFS) of India, 2017-18, 2018-19, 2019-20 and 2020-21.

Note: Employment rate is the proportion of married individuals in the 18-45 age group in urban India (or urban
Delhi) who spent a majority of their time during the preceding 365 days from the date of survey in any economic
activity as self-employed worker, wage/salaried worker or casual wage laborer.

45



9t

Table 2A.1: Worker registrations on HNM job portal, by occupation and gender

Worker registrations

Featured for job opening

Called for job by employer

Job Profiles Workers Prop Female Distance Workers Prop Female Distance Workers Prop Female
)] (@) 3) “4) ®) (6) (7 ®)

Overall 26103 0.69 4.07 5299 0.86 2.13 3603 0.87
Babysitter 607 1.00 3.04 421 1.00 2.35 285 1.00
Beautician 270 0.91 4.92 7 1.00 2.68 4 1.00
Cook 1256 0.93 3.17 1939 0.89 2.04 1329 0.89
Driver 523 0.02 6.79 189 0.01 3.72 125 0.00
Electronic Technician 209 0.03 10.07

Maid/domestic helper 8095 0.89 3.33 2519 0.94 1.97 1720 0.95
Medical Helper 208 0.67 5.19

Office Helper 6863 0.45 4.58 144 0.12 2.36 88 0.07
Salesperson 2087 0.53 4.88 19 0.00 4.06 9 0.00
Other 285 0.10 6.11 12 0.00 7.86 7 0.00
Other Helper 5390 0.80 3.76 45 0.29 3.32 32 0.19
Other Technician 310 0.02 5.70 4 0.00 3.77 4 0.00
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Note: We summarise the job profiles workers registered for on the portal and the job profiles for which they were featured and called for by the employers on the portal in the
financial year 2019-20. Columns (1)-(3) list the preferences of registered workers - the total number of job profiles workers have registered (column (1)), the proportion of women
in the total works registered (column (2)), and the distance they are willing to travel (in Km) (column (3)). Columns (4)-(6) record the number of workers who were featured for
various jobs (column (4)), the proportion of women featured for these jobs (column (5)), and the distance of the workers from employers (column (6)). Lastly, columns (7)-(8) list
the number of workers who were called (column (7)) for the featured jobs and the proportion of women called for these jobs (column (8)). Other includes job profiles of Raj
Mistry, Marble Mistry, Machine Operator, Bartender, Supervisor Other Helper includes Labour, Salon Helper, Stitching Helper, Security Guard and Other Technician comprises
Construction Painter, Electronic Technician, Electrical Technician, Construction Carpenter, Construction Plumber.




Ly

Table 2A.2: Summary of registration rates on the online job portal

Main respondents (all treatments) Wife’s Peers (in T2)
All Wife Husband All  Female Male
Variable Tl & T2 TI T2 T1&T2 TI T2
(1) 2) (€)INC)) ) © 7O ¥ ©) (10)
Interested 67.06 64.58 6497 64.19 6954 7339 65.59 6993 69.38 72.12

(2016)  (1008)  (511) (497) (1008) (511) (497) (828) (663) (165)

Registered 36.69 3487 3223 37.62 3837 3493 4233 46.63 46.09 48.74
(Conditional) (1352)  (651) (332) (319) (701)  (375) (326) (579) (460) (119)

Registered 25.05 23.02  21.53 2455 27.08 25.83 2837 3285 3228 35.15
(Unconditional) (2016)  (1008)  (511) (497) (1008) (511) (497) (828) (663) (165)

Note: The matched husband and wife pairs in the two treatment arms and peers of wives in the network treatment arm (T2) were offered to register on the job portal. The first row
reports the Interest rate of the respondents to join the portal. The second and third row report the Conditional and Unconditional Registration rates, respectively. The former
conditions registration on being interested in on-boarding the portal while the latter is unconditional. Columns (1)-(7) list the sign-up rates for the main respondents - overall
(column (1)), for the treated wives (column (2)) and their husbands (column (5)). Columns (3)-(4) and columns (6)-(7) report the treatment-wise averages for the treated wives and
husbands, respectively. And the columns (8)-(10) report it for the peers of wife in T2 who were offered the same service - overall (column (8)) and by gender of the peer in
columns (9) and (10). The number of respondents per category in parentheses.
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Table 2A.3: Balance of household characteristics (at baseline)

Control Treatment Difference

C T1 T2 C-T1 C-T2 Ti1-T2
(N=506) (N=511) (N=497)

ey 2 3) “) &) (6)

Household Size 5.308 5.256 5.318 0.052 -0.010 -0.062
(0.086)  (0.068) (0.089) (0.109) (0.123) (0.111)
SC/ST 0.405 0.445 0.464 -0.040 -0.059 -0.019
(0.038)  (0.043) (0.043) (0.057) (0.057) (0.060)
OBC 0.344 0.313 0.302 0.031  0.041 0.011
(0.037)  (0.028) (0.032) (0.046) (0.048) (0.042)
Hindu 0.789 0.869 0.811 -0.080 -0.022  0.058
(0.048)  (0.038) (0.041) (0.061) (0.063) (0.055)
Pucca house 0.964 0.959 0.970 0.006 -0.005 -0.011
(0.014)  (0.013) (0.015) (0.019) (0.020) (0.019)
Have tapped water 1.263 1.249 1.276 0.014 -0.013  -0.027
(0.032)  (0.031) (0.037) (0.044) (0.048) (0.048)
Have ration card 0.638 0.593 0.630 0.045  0.008 -0.037
(0.026) (0.032) (0.022) (0.041) (0.034) (0.039)
Asset Index 0.015 -0.067 0.044 0.082  -0.028 -0.110%*

(0.044)  (0.036) (0.056) (0.056) (0.070) (0.066)
Years staying in current location 28.433  29.108  28.722 -0.675 -0.289  0.386
(0.904) (1.001) (0.977) (1.339) (1.322) (1.389)

Joint family 0.208 0.182 0.189 0.026  0.018 -0.007
(0.019)  (0.022)  (0.015) (0.029) (0.024) (0.027)

Number of young children 0.593 0.562 0.565 0.031 0.027  -0.004
(0.037)  (0.029) (0.035) (0.046) (0.050) (0.045)

Native of Delhi 0.346 0.372 0.358 -0.026 -0.012  0.014

(0.032)  (0.043)  (0.040) (0.053) (0.051) (0.058)

p-values for joint significance - - - [0.386] [0.991] [0.169]

Note: The sample here is restricted to matched husband-wife pair data. T1 denotes treatment where only main
respondents (husband-wife pair) were offered the job aggregator service, T2 represents treatment in which the main
respondents and two of the wife’s peers were offered this service and C denotes the control group where no such
service was offered. The p-values reported in the last row of the table correspond to F-test of joint significance of
household characteristics in determining the treatment status in a linear probability model. Standard errors, clustered
at the PS level, are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.4: Balance of individual characteristics (at baseline)

Wife Husband
Control Treatment Difference Control Treatment Difference
C T1 T2 C-T1 CT2 TI-T2 C T1 T2 C-T1 C-T2 TI-T2
(N=506) (N=511) (N=497) (N=506) (N=511) (N=497)
1 (2) (3) 4) (5) (6) [©) (8) ©) (10) (1) (12)
Age 30.547  30.777 30934 -0229 -0.386 -0.157 34579 34.622 34.833 -0.043 -0.254 -0.211
(0.306)  (0.284)  (0.290) (0.415) (0.418) (0.403) (0.347) (0.332) (0.301) (0.477) (0.456) (0.445)
Education 0.590 0.551 0.567 0.039 0.023 -0.016 0.673 0.671 0.694 0.002 -0.021 -0.023
(0.026)  (0.035)  (0.033) (0.043) (0.041) (0.047) (0.030) (0.033) (0.031) (0.044) (0.043) (0.045)
Years married 11.504 11912 11.871  -0408 -0.367 0.041 11.504 11912 11.871 -0408 -0.367 0.041
(0.351)  (0.317)  (0.378) (0.470) (0.512) (0.489) (0.351) (0.317) (0.378) (0.470) (0.512) (0.489)
No. of children 2.168 2211 2.192 -0.043  -0.024  0.020 2.168 2211 2192 -0.043 -0.024 0.020
(0.063)  (0.065) (0.073) (0.090) (0.096) (0.097) (0.063) (0.065) (0.073) (0.090) (0.096) (0.097)
Mobile usage 0.915 0.894 0.913 0.021 0.002 -0.019  0.962 0.977 0978  -0.014 -0.015 -0.001
(0.020)  (0.021)  (0.017) (0.029) (0.027) (0.027) (0.010)  (0.010)  (0.009) (0.014) (0.014) (0.013)
Skill Trained 0.172 0.186 0.177 -0.014  -0.005  0.009 0.043 0.051 0.046  -0.007 -0.003 0.005
(0.020)  (0.023)  (0.022) (0.030) (0.030) (0.031) (0.009) (0.009) (0.008) (0.013) (0.012) (0.012)
Number of Peers 3.931 4297 3915  -0.367* 0.015 0.382%  3.069 3.139 3.201 -0.070  -0.132  -0.062
(0.122)  (0.182)  (0.112) (0.218) (0.164) (0.212) (0.074)  (0.068)  (0.078) (0.100) (0.107) (0.102)
Number of peers with mobile ~ 1.923 1.875 1.944 0.048 -0.021 -0.069 2.077 2.108 2.107  -0.031 -0.030 0.001
(0.069)  (0.072)  (0.076) (0.099) (0.101) (0.104) (0.084) (0.105)  (0.077) (0.133) (0.113) (0.129)
Native 0.395 0.401 0.400  -0.006 -0.006 0.001 0.526 0.566 0.584  -0.040 -0.058 -0.018
(0.024)  (0.032)  (0.030) (0.040) (0.038) (0.044) (0.032) (0.034) (0.037) (0.046) (0.048) (0.050)
Years in Delhi 19472 19.573 19.382  -0.101  0.090  0.191  30.423 28746  30.753 1.677  -0.330 -2.007
(0.567) (0.784)  (0.702) (0.961) (0.897) (1.046) (1.656) (0.802) (1.471) (1.828) (2.200) (1.664)
Casual labor 0.063 0.084 0.076 -0.021  -0.013  0.008 0.235 0.239 0288  -0.004 -0.053 -0.049
(0.012)  (0.017)  (0.018) (0.021) (0.021) (0.024) (0.028) (0.026)  (0.027) (0.038) (0.039) (0.037)
Self-employed 0.123 0.102 0.119 0.021 0.004 -0.017 0.322 0.290 0.294 0.033  0.028  -0.004
(0.017)  (0.015) (0.017) (0.023) (0.024) (0.023) (0.023) (0.025)  (0.031) (0.034) (0.038) (0.039)
Salaried 0.049 0.041 0.044 0.008  0.005 -0.003 0379 0.431 0.380  -0.051 -0.001 0.050
(0.012)  (0.010)  (0.010) (0.015) (0.015) (0.014) (0.030) (0.030)  (0.029) (0.042) (0.042) (0.042)
Unemployed 0.008 0.025 0.022  -0.018* -0.014 0.003 0.047 0.033 0.026 0.014 0.021*  0.007
(0.004)  (0.009)  (0.008) (0.010) (0.009) (0.012) (0.009) (0.010) (0.008) (0.013) (0.012) (0.012)
Attitude Index -0.067 -0.052 -0.084  -0.015 0.017 0.032 -0.125 -0.160 -0.128  0.034  0.002 -0.032
(0.032)  (0.034)  (0.031) (0.047) (0.045) (0.046) (0.020) (0.021)  (0.018) (0.029) (0.027) (0.028)
Norm Index -0.008 -0.010 -0.011 0.002  0.003  0.001 -0.010 -0.009 -0.014  -0.001  0.004  0.005
(0.031)  (0.031)  (0.029) (0.043) (0.042) (0.042) (0.025) (0.031) (0.038) (0.040) (0.045) (0.049)
Decision making Index -0.109 -0.134 -0.152 0.025  0.043 0.019  -0.105 -0.076 -0.114  -0.029  0.009  0.038
(0.022)  (0.023) (0.019) (0.031) (0.029) (0.029) (0.026) (0.028)  (0.027) (0.038) (0.037) (0.038)
p-values for joint significance [0.812] [0.774] [0.917] [0.519] [0.502] [0.769]

Note: The sample here is restricted to matched husband-wife pair data. T1 denotes treatment where only main respondents (husband-wife pair) were offered the job aggregator
service, T2 represents treatment in which the main respondents and two of the wife’s peers were offered this service and C denotes the control group where no such service was
offered. The p-values reported in the last row of the table correspond to F-test of joint significance of individual characteristics in determining the treatment status in a linear

probability model. Standard errors, clustered at the PS level, are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

sootpuaddyy



Social Networks, Gender Norms and Women’s Labor Supply

Table 2A.5: Structure of social network by gender of main respondent

Male Peer Type Female Peer Type

Relative Friend Neighbor Work Relative Friend Neighbor Work
(D 2) 3) “) ) (0) (7 (8)
Panel A: Husband (all, at baseline)

Prop of network ~ 0.38 0.37 0.12 0.05 0.05 0.00 0.02 0.00
(0.44) (0.44)  (0.30) (0.21)  (0.20)  (0.05) (0.12) (0.03)

Age (in years) 37.02 3348 36.76 34.43 41.82 39.00 40.64 36.67
(11.38) (9.04) (10.85) (10.08) (12.46) (16.49) (11.71) (18.72)

Working 0.90 0.92 0.85 0.97 0.23 0.20 0.33 1.00
(0.30) (0.27)  (0.36) (0.18)  (0.43)  (0.45) (0.48) (0.00)
N 679 682 222 94 90 5 33 3

Panel B: Wife (all, at baseline)

Prop of network ~ 0.23 0.00 0.05 0.00 0.57 0.02 0.12 0.00
(0.38)  (0.06)  (0.20) (0.03) (045) (0.13) (0.29) (0.03)
Age (in years) 35.65 32.60 36.06 32.00 37.67 29.47 36.01 40.00

(12.06) (7.44) (12.65) (12.42) (8.64) (10.12)  (16.97
Working 0.88 1.00 0.88 1.00 0.19 0.36 0.20 1.00

(0.33)  (0.00)  (0.32) (0.39) (0.48) (0.40) (0.00)
N 382 5 77 1 935 45 189 2

Panel C: Wife (T2, at intervention)

Prop of network  0.11 0.03 0.06 - 0.35 0.12 0.33 0.00
(0.31) (0.16)  (0.24) - (0.48) (0.33) (0.47) (0.06)
Age (in years) 32.81 3043 31.11 34.99 32.30 34.74 25.00
(10.51)  (8.53) (11.30) (11.74)  (6.47) (9.92) (6.24)
Working 0.84 0.61 0.64 0.27 0.27 0.23 0.00
(0.37)  (0.50)  (0.48) (0.44)  (0.45) (0.42) (0.00)
N 94 23 56 - 305 107 292 3

Note: Panels A and B report the type of relationship of the top two rank-ordered peers of the husband
and the wife surveyed at baseline, respectively. In Panel C, the sample is restricted to the two treated (and
surveyed) peers of wives only in the T2 group. This includes all peers recommended by the wives in T2 for
treatment, including those reported at baseline. The network characteristics in Panel C are reported at intervention,
approximately 3-6 months after the baseline. Panels A, B, and C are based on the network data for 1198 husbands,
1123 wives (all arms) and 420 wives in T2, respectively. Standard errors in parentheses.
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Table 2A.6: Impact of treatment on labor market outcomes (6 months after intervention)

Work Status Workdays (per week) Work hours (per day) Earnings (per month)

Wife  Husband Wife Husband Wife Husband Wife Husband
(H 2 (3) 4 &) (6) (N (¥

T1 (without network)  0.030  -0.031  0.133  -0.081 0.101 0240 0181  -1.109%
0.022) (0.030) (0.176)  (0.238)  (0.180)  (0.268)  (0.348)  (0.569)
T2 (with network) 0015 -0011  0.171 0.069 0070  -0.059  0.088  -0.243
0.019) (0.027)  (0.160)  (0.224)  (0.155)  (0.256)  (0.314)  (0.541)

Baseline Y 0341  0338%  0.492%+% (33640  .623%%% (307+ (281%#k (. ]5]%k*
(0.359)  (0.180)  (0.097)  (0.116)  (0.126)  (0.097)  (0.055)  (0.054)
p-value [T1=T2] [051]  [0.51]  [0.83] [0.55] [0.86] [0.51] [0.79] [0.12]
Observations 1401 1,402 1,401 1,402 1,401 1,402 1,401 1,402
R-squared 0.156  0.047  0.165 0.048 0.186 0.047 0.184 0.051
Mean Y 0.23 0.94 1.25 5.69 1.05 8.37 889.07 11515.43

Note: The dependent variable in columns (1)-(2) is an indicator variable that takes a value of one if an individual is
working in the reference period and zero otherwise. In columns (3)-(4) and (5)-(6) the dependent variable is the [HS
transformation of the number of days worked in a week and the number of hours worked in a day, respectively. In
columns (7)-(8) the outcome is the IHS transformation of the monthly earnings in the reference period. The p-values
correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’
denotes the mean value of the corresponding dependent variable in levels for the control group at baseline. All
specifications control for household characteristics (asset index, joint family, number of children, SC/ST, Hindu
religion, native, and years staying in current location) and individual characteristics (above primary education,
age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at PS level are reported in
parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.7: Heterogeneity by demographics in the impact of treatment on work status

(> 1 year after intervention)

Poor SC-ST Hindu Education Spouse Education Parents Young

Wife  Husband Wife Husband Wife  Husband Wife Husband Wife Husband Wife Husband Wife Husband

(1) (2) 3) 4) ) (6) (7 (8) ) (10) (11) (12) (13) (14)
T1 (without network) -0.067  0.003  -0.050  -0.027 -0.052  0.011 -0.094** -0.011 -0.105%% -0.043 -0.083**  0.015 -0.133***  0.001
0.042) (0.029) (0.031) (0.029) (0.062) (0.040) (0.040) (0.030)  (0.047) (0.030) (0.036)  (0.029)  (0.035)  (0.027)
T2 (with network) 0.028 0042 0044 0029 0064 0.064*% 0002 0027  -0.009 0032 0039  0.047F  0.008  0.067%*
(0.041)  (0.029) (0.040) (0.027) (0.067) (0.028) (0.039)  (0.031)  (0.045) (0.027)  (0.041) (0.028)  (0.043)  (0.023)
TIxZ 0.037 -0.036 0013 0022 0008 -0.035 0.090%* -0.011 0.092%* 0046  0.088** -0.073 0.171*%  -0.060
0.043)  (0.041) (0.045) (0.047) (0.066) (0.047) (0.039) (0.038)  (0.046) (0.043)  (0.043) (0.049)  (0.039)  (0.043)
T2x Z 0.078%  0.003  -0.057 0.035 -0.057 -0.026 0035 0025 0042 0019  -0.043  -0.009 0.022  -0.075%*

(0.042) (0.035) (0.050) (0.042) (0.069) (0.035) (0.041) (0.031) (0.051) (0.032) (0.045) (0.046)  (0.048)  (0.037)

Observations 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,376 1,375 1,377 1,377 1,377 1,377
R-squared 0.183 0.054 0.183 0.053 0.182 0.053 0.184 0.053 0.184 0.054 0.187 0.056 0.191 0.056
Estimate T1 (Z=1) -0.03 -0.032  -0.037 -0.005 -0.044  -0.024 -0.004 -0.021 -0.013 0.003 0.005 -0.058* 0.038 -0.059*
Estimate T2 (Z=1) 0.05 0.046*  -0.013 0.064**  0.008  0.038* 0.033 0.051%** 0.033 0.052%*  -0.004 0.038 0.03 -0.008

Note: The dependent variable is an indicator for work status. It takes a value of one if an individual is working in the reference period and zero otherwise. Z denotes an individual
characteristic measured at baseline — Poor is an indicator variable for individuals in the bottom tercile of asset index distribution; SC-ST is an indicator for individuals belonging to
the SC or ST category; Hindu indicates individuals following the Hindu religion; Education and Spouse Education indicate individuals who report own and spouse education level,
respectively, to be above primary; Parent indicates individuals with children below 5 years of age at baseline and Young is an indicator variable for individuals in the 15-30 age
category. For our main categories (Z = 1), these characteristics equal one. For the base categories (Z = 0), these equal zero. The first two rows report the regression coefficients
for T1 and T2 for the base categories while the third and fourth rows report the heterogeneous treatment effects for T1 and T2, respectively, by the characteristic. The last two rows
‘Estimate (Z=1)’ report the estimated coefficients for the main categories for T1 and T2, respectively. All specifications control for household characteristics (asset index, joint
family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and individual characteristics (above primary education, age (in years), occupation
type, mobile usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.8: The impact of treatment on own work status by own and peers’ gender attitudes

(> 1 year after intervention)

Own Attitudes Peers’ Attitude

Regressive gender roles  Progressive work attitudes Regressive gender roles Progressive work attitudes

Wife Husband Wife Husband Wife Husband Wife Husband
(1) () 3) C)) )] (6) @) 3

T1 (without network) -0.045%* -0.017 -0.047 -0.012 -0.048 -0.019 -0.084%** -0.005
(0.027) (0.022) (0.037) (0.024) (0.031) (0.038) (0.038) (0.028)

T2 (with network) 0.024 0.043* 0.017 0.041%* 0.089%* 0.064* -0.052 0.048%*
(0.034) (0.023) (0.040) (0.023) (0.042) (0.033) (0.038) (0.027)

TixZ 0.011 -0.004 0.008 -0.024 -0.011 0.002 0.056 -0.038
(0.053) (0.056) (0.043) (0.042) (0.057) (0.058) (0.047) (0.055)

T2x Z -0.014 0.005 0.002 0.005 -0.125%%* -0.034 0.150%** -0.003
(0.056) (0.051) (0.050) (0.034) (0.061) (0.043) (0.046) (0.039)

Observations 1,376 1,373 1,376 1,370 1,016 1,011 1,016 1,012

R-squared 0.183 0.053 0.182 0.054 0.199 0.058 0.200 0.057
Estimate T1 (Z=1) -0.034 -0.021 -0.04 -0.036 -0.059 -0.017 -0.027 -0.043

Estimate T2 (Z=1) 0.01 0.048 0.02 0.046 -0.036 0.03 0.098*** 0.045

Note: The dependent variable is an indicator for own work status. It takes a value of one if an individual is working
and is zero otherwise. All attitudes, ‘Own’ (columns (1)-(4)) and the average over ‘Peers’ (columns (5)-(8)), are
measured at baseline. Regressive gender roles indicates relatively restrictive gender attitudes (takes a value of one
for above median Z-score of regressive attitudes and is zero below median values) and Progressive work attitudes
indicates relatively liberal attitudes towards women’s outside work (takes a value of one for above median Z-score
of progressive attitudes and is zero below median values) . For our main categories (Z = 1), these characteristics
equal one and zero for the base categories (Z = 0). The first two rows report the regression coefficients for T1 and
T2 for the base categories while the third and fourth row report the heterogeneous treatment effects for T1 and T2,
respectively, by these characteristics. The last two rows ‘Estimate (Z=1)’ report the estimated coefficients for the
main categories for T1 and T2, respectively. All specifications control for household characteristics (asset index,
joint family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and individual
characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors
clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.9: Impact of treatment on type of earnings (> 1 year after intervention)

Earnings Type Salary Piece-rate Daily wage

Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband

(D 2) (3) “4) () (6) @) (8 ©) (10) (1) (12)
Treatment 20.009  0.097%%* 20.002  -0.062%%* 20.002  -0.049%**
0.014)  (0.028) 0.013)  (0.019) (0.002)  (0.014)
T1 (without network) 0.017  0.068%* 0.016  -0.060%+* -0.003  -0.049%**
0.017)  (0.030) 0.015)  (0.021) (0.003)  (0.014)
T2 (with network) 20.001  0.128%* 0.014  -0.063%** -0.002  -0.050%%**
0.017)  (0.036) 0.016)  (0.020) (0.002)  (0.013)
Baseline Y 0.374%%%  (.276%%% (.372%%% (276%k% (264%F% 0228%FF (267Fk%  0.229%%%  0.001 0.077  0.001 0.077
0.074)  (0.049)  (0.074)  (0.049)  (0.053)  (0.046)  (0.053)  (0.046) (0.001) (0.062) (0.001)  (0.062)
p-value [T1=T2] [0.38] [0.09] [0.05] [0.86] [0.74]  [0.66]
Observations 1,321 1,254 1,321 1,254 1,321 1,254 1,321 1,254 1,321 1,254 1,321 1,254
R-squared 0.227 0.243 0.227 0.245 0.110 0.112 0.113 0.112 0009 0058  0.009  0.058
Mean Y 0.09 0.58 0.09 0.58 0.08 0.07 0.08 0.07 0 0.01 0 0.01

Note: The dependent variable is an indicator variable for different types of wage earnings. In Columns(1)-(4), it takes a value of one if an individual is paid a fixed salary and zero
otherwise. Similarly, columns (5)-(8) and Columns (9)-(12) are indicator variables for piece-rate and daily wages, respectively. Columns (1)-(2), (5)-(6) and (9)-(10) report
the combined treatment effect using equation while columns (3)-(4), (7)-(8) and (11)-(12) report the treatment-wise effect for equation (2.2), by gender. The p-values
correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’ denotes the mean value of the dependent variable for the control
group at baseline. All specifications control for household characteristics (asset index, joint family, number of children, SC/ST, Hindu religion, native, and years staying in current
location) and individual characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at PS level are reported in
parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.10: Robustness (Balanced Sample): Impact of treatment on employment outcomes (>
1 year after intervention)

Work status Workdays (per week) Work hours (per day)  Earnings (monthly)

Wife Husband Wife Husband Wife Husband Wife Husband
(D 2 3) “4) ) (6) (N (8)

T1 (without network) ~ -0.042  -0.021  -0.399% 0398  -0.433* 0355  -0.770*  0.849
0.027)  (0.021) (0.205)  (0.275)  (0.209)  (0.311)  (0.413)  (0.625)
T1 (without network) ~ 0.018  0.044**  0.130  0.705%*  0.083  0.765%%  0.188  1.586%*
0.029)  (0.020) (0.223)  (0.271)  (0.225)  (0.308)  (0.446)  (0.626)

Baseline Y 0.921%**%  0.149  0.418%* 0.155 0.461%**  0.205%* 0.257***  (.094%*
(0.041) (0.204)  (0.160) (0.102) (0.168) (0.083) (0.085) (0.044)
p-value [T1=T2] [0.03] [0] [0.01] [0.08] [0.01] [0.04] [0.02] [0.08]
Observations 1,364 1,364 1,364 1,364 1,364 1,364 1,364 1,364
R-squared 0.188 0.054 0.186 0.049 0.191 0.050 0.196 0.048
Mean Y 0.23 0.94 1.23 5.68 1.03 8.36 879.67 11539.27

Note: The dependent variable in columns (1)-(2) is an indicator variable that takes a value of one if an individual is
working in the reference period and is zero otherwise. Columns (3)-(4) report the IHS transformed workdays in a
week, columns (5)-(6) list IHS transformed hours of work in a day and columns (7)-(8) report the IHS transformation
of monthly earnings. The p-values correspond to test of equivalence in the treatment effect between the two treatment
arms (T1 and T2). ‘Mean Y’ denotes the mean value of the dependent variable in levels for the control group at
baseline. All specifications control for household characteristics (asset index, joint family, number of children,
SC/ST, Hindu religion, native, and years staying in current location) and individual characteristics (above primary
education, age (in years), occupation type, mobile usage) at baseline. Standard errors clustered at PS level are
reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.11: Robustness: Internal Validity

Responders Attritors Differences
Responders Attritors
Control Tl T2 Control Tl T2 TI-C T2-C TI-C T2-C

(D () (3) 4 ) (6) @) 3) ) (10)
Panel A: Work Status

Endline 1 0.59 0.59 0.6 1 0.69 0.75 [0.84] [0.46] [0.37] [0.49]
Endline2  0.59 0.59 0.61 0.69 0.59 0.55 [0.72] [0.34] [0.56] [0.37]

Panel B: Earnings (Monthly)

Endline 1  6205.7 6189  5823.73 4500 4500 5000 [0.98] [0.52] [1] [0.90]
Endline 2 6204.13 6149.75 5771.89 6061.54 5909.09 6544.64 [0.94] [0.48] [0.94] [0.86]

Note: The dependent variable in Panel A and Panel B are the average work status and monthly earnings at baseline.
Work status is an indicator variable that takes a value of one if an individual is working in the reference period and
zero otherwise. Columns (1)-(3) report the mean for the responders (i.e., non-attriters for whom data was collected
at respective endlines) while columns (4)-(6) report it for the attriters (i.e., individuals surveyed at baseline who
couldn’t be reached for data collection at respective endlines). In columns (7)-(8), we report the p-values of the test
of mean differences between the two treatment arms - T1 (column (7)) and T2 (column (8)) and control group for
the responders, while the corresponding p-values for attriters are in columns (9)-(10).
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Table 2A.12: Heterogeneity in the impact of treatment on work status by network overlap

(> 1 year after intervention)

Relatives Neighbours

Wife  Husband  Wife  Husband
(1) (2) 3) 4)

T1 (without network) -0.044  -0.018  -0.044  -0.018
(0.027)  (0.020)  (0.027)  (0.020)

T2 xOwverlap =0 0.011 0.034 0.005 0.037*
(0.031) (0.022) (0.030) (0.021)

T2 xQwverlap =1 0.033  0.064*** 0.089  0.078%**
(0.041) (0.023) (0.063) (0.021)

Observations 1,377 1,377 1,377 1,377
R-squared 0.182 0.053 0.183 0.053

Note: The dependent variable is an indicator for overall work status, which takes a value of one if an individual is
working in the reference period and zero otherwise. The first row reports the estimate for treatment without network
(T1). The second and the third row report the estimates for treatment with network (T2) by no overlap in the treated
network of wife and husband and those who have an overlap, respectively. The overlap is captured by the presence
of treated non-co-resident family members (columns (1) - (2) and neighbors (columns (3) - (4)) in the social network
of the wife. If such peers exist in the wife’s network (also relatives/neighbors of the husbands) then the variable
‘Overlap’ takes value one and zero otherwise. All specifications control for household characteristics (asset index,
joint family, number of children, SC/ST, Hindu religion, native, and years staying in current location) and individual
characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline. Standard errors
clustered at PS level are reported in parentheses (¥** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.13: Heterogeneity in the impact of treatment on work status by structure of network

(> 1 year after intervention)

Network Type (Z)

T1 (without network)

T2 (with network)

T1 x Proportion Z

T2 x Proportion Z

Observations
R-squared

Non-co-resident Family Friends Neighbors Co-workers
Wife Husband Wife Husband ~ Wife  Husband  Wife  Husband
ey @) 3 “ &) (6 @) ®)
0.070 -0.025 -0.056%*  0.019  -0.064** -0.045* -0.047* -0.018
(0.070) (0.031) (0.026)  (0.027)  (0.029)  (0.023) (0.026) (0.022)
0.160%** 0.032 0.003 0.055**  -0.011 0.042% 0.015  0.045%*
(0.067) (0.027) (0.029) (0.025) (0.034) (0.023) (0.029) (0.021)
-0.151* 0.021 0.362 -0.097* 0.097 0.169%*  0.762 0.002
(0.080) (0.056) 0.227)  (0.050)  (0.074)  (0.072) (0.627) (0.103)
-0.194+% 0.030 0.381**  -0.027 0.131 0.014 0.806 -0.037
(0.078) (0.050) (0.191)  (0.043) (0.080)  (0.069) (0.791) (0.070)
1,377 1,377 1,377 1,377 1,377 1,377 1,377 1,377
0.187 0.054 0.186 0.055 0.184 0.057 0.184 0.054

Note: The dependent variable is an indicator for own work status. It takes value one if the individual is working
and zero otherwise. Columns (1)-(2) report the heterogeneity estimates by the proportion of the baseline social
network consisting of non-co-resident family members, columns (3)-(4) by proportion of friends, columns (5)-(6)
by neighbors and columns (7)-(8) by co-workers. The first and second rows report the regression coefficients for the
non-network and network treatments while the third and fourth row report the heterogeneity in the treatment effects
by the proportion of the network consisting of different types of peers. All specifications control for household
characteristics (asset index, joint family, number of children, SC/ST, Hindu religion, native, and years staying in
current location) and individual characteristics (above primary education, age (in years), occupation type, mobile
usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, *

p<0.1).
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Table 2A.14: Impact of treatment on type of self-employment (> 1 year after intervention)

Employment Type Own business manufacturing Retail Other Services

Wife Husband Wife Husband Wife Husband Wife Husband  Wife  Husband  Wife  Husband

(D ) 3) 4 ©) (6) @) €] 9 (10) (1) (12)
Treatment 0.019  -0.001 20.004  -0.002 0.002  0.032%
0.013)  (0.017) (0.007)  (0.020) (0.006)  (0.016)
T1 (without network) -0.006  -0.005 0.009  0.006 0.000  0.031
0.011)  (0.017) (0.007)  (0.023) (0.006)  (0.019)
T2 (with network) 0.045%%  0.002 0.001  -0.010 0.004  0.033*
0.019)  (0.021) (0.009)  (0.022) (0.007)  (0.020)
Baseline Y 0.069 0.110%%*  0.068 0.110%%* 0.190%* 0.366%%* 0.189%* 0.365%%* 0.074 0.258%%% 0.074 0.258%**
0.059)  (0.037) (0.059) (0.037) (0.089) (0.047) (0.088) (0.047) (0.047) (0.043) (0.048) (0.043)
p-value [T1=T2] [0] [0.71] [0.28]  [0.44] [0.6]  [0.91]
Observations 1377 1377 1377 1377 1377 1377 1377 1377 1377 1377 1377 1377
R-squared 0057 0057 0070 0058 0070 0211 0071 0211 0030 0089 0031  0.089
Mean Y 0.08 0.11 0.08 0.11 0.01 0.11 0.01 0.11 0.03 0.11 0.03 0.11

Note: The dependent variable is an indicator variable for different types of self-employment. In Columns(1)-(4), it takes a value of one if an individual is self-employed in
own business manufacturing and zero otherwise. Similarly, Columns (5)-(8) and Columns(9)-(12) are indicator variables for self-employment in retail and other services (e.g.
salon), respectively. Columns (1)-(2), (5)-(6) and (9)-(10) report the combined treatment effect using equation while Columns (3)-(4), (7)-(8) and (11)-(12) report the
treatment-wise effect for equation (2.2), by gender. The p-values correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’
denotes the mean value of the dependent variable for the control group at baseline. All specifications control for household characteristics (asset index, joint family, number of
children, SC/ST, hindu religion, native, and years staying in current location) and individual characteristics (above primary education, age (in years), occupation type, mobile

usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.15: Heterogeneity in self-employment status of wives by self-employment of her peers

All peers Female peers Male peers

(1) (2) (3)
T1 (without network)  -0.023 -0.023 -0.013
(0.016) (0.015) (0.015)
T2 (with network) 0.029 0.032 0.045%
(0.022) (0.021) (0.023)
Tl x Z 0.079%* 0.142%* -0.003
(0.041) (0.057) (0.036)
T2 x Z 0.096%** 0.140%** 0.013
(0.046) (0.054) (0.057)
Observations 1,377 1,377 1,377
R-squared 0.087 0.091 0.083
Mean Y 0.12 0.12 0.12

Note: The dependent variable is an indicator variable that takes value one if the wife is self-employed in reference
period and zero otherwise. Column (1) reports the heterogeneity in wife’s self-employment at Endline 2 (one year
after the intervention) by the proportion of peers contemporaneously (at Endline 2) engaged in self-employment (Z)
and columns (2)-(3) report it by gender of the peer. The first and second rows report the regression coefficients for
non-network and networks treatments while the third and fourth row report the heterogeneity in the treatment effects
by the proportion of self-employed peers (Z) in the social network of the wife. ‘Mean Y’ denotes the mean value of
the dependent variable for the control group at baseline. All specifications control for household characteristics
(asset index, joint family, number of children, SC/ST, Hindu religion, native, and years staying in current location)
and individual characteristics (above primary education, age (in years), occupation type, mobile usage) at baseline.
Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.16: Impact of treatment on attitude towards gender roles (> 1 year after intervention)

Attitude 1 Attitude 2 Attitude 3 Attitude 4
Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband  Wife Husband Wife  Husband
(1 (2) 3 (C)) (5) (6) @) (®) () (10) (11) (12) (13) (14) (15) (16)
Treatment -0.44 1%k (.47 *x* -0.190%  -0.239%#* -0.202%*%  -0.102 0.091 0.033
(0.115) (0.072) (0.110)  (0.080) (0.084)  (0.071) (0.096)  (0.110)
T1 (without network) -0.452%*%  -(0.453%%* -0.272%*%  -0.303*** -0.168%* -0.025 -0.007  -0.114
(0.143) (0.085) (0.136) (0.097) (0.093)  (0.073) (0.102)  (0.117)
T2 (with network) -0.430%**  -0.489%** -0.104 -0.171%* -0.237*%*  -0.183* 0.192 0.189
(0.136) (0.106) (0.120) (0.102) (0.099)  (0.097) (0.116)  (0.130)
Baseline Y 0.053 0.113%%* 0.052 0.112%%%  0.021 0.002 0.023 0.001 0.066* 0.010 0.066* 0.012 -0.034 0.006 -0.036 0.001
(0.036) (0.040) (0.036) (0.040)  (0.038)  (0.030) (0.037) (0.029) (0.039)  (0.027)  (0.039) (0.027) (0.032) (0.032) (0.032) (0.032)
p-value [T1=T2] [0.89] [0.77] [0.21] [0.27] [0.47] [0.1] [0.06] [0.01]
Observations 1,376 1,377 1,376 1,377 1,377 1,376 1,377 1,376 1,376 1,375 1,376 1,375 1,377 1,375 1,377 1,375
R-squared 0.056 0.065 0.056 0.065 0.024 0.034 0.028 0.037 0.025 0.007 0.026 0.011 0.017 0.009 0.023 0.024
Mean Y -0.1 0.09 -0.1 0.09 0.21 -0.22 0.21 -0.22 -0.02 0.02 -0.02 0.02 0.05 -0.1 0.05 -0.1

Note: The dependent variables are the standardised Z-scores (Z(y) = £

S

dY where, Y is the mean value of y for the control group and sd is the standard-deviation for the control

group) of the responses to questions on gender attitudes (Attitudel: It is much better for everyone involved if the man is the achiever outside the home and the women takes care of
the home and family; Attitude2: It is more important for a wife to help her husband’s career than to have one herself; Attitude3: When a mother works for pay, the children
suffer, Attitude4: A working mother cannot establish just as warm and secure a relationship with her children as a mother who does not work). A higher value represents gender
progressive attitudes. Columns (1)-(4), (5)-(8), (9)-(12) and (13)-(16) report the coefficients for first, second, third and fourth attitude, respectively. Columns (1)-(2) report the
combined treatment effect using equation while Columns (3)-(4) report it for equation (2.2), by gender for the first Attitude. Similarly, the subsequent columns report the
result for the second, third and fourth Attitude. The p-values correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’
denotes the mean value of the dependent variable for the control group at Baseline. All specifications control for household characteristics (asset index, joint family, number of
children, SC/ST, Hindu religion, native, and years staying in current location) and individual characteristics (above primary education, age (in years), occupation type, mobile
usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 2A.17: Impact of treatment on attitudes towards women’s outside work (> 1 year after intervention)

Attitude 1 Attitude 2 Attitude 3 Attitude 4

Wife  Husband Wife Husband Wife Husband Wife Husband Wife Husband Wife Husband Wife  Husband  Wife  Husband
(D 2) 3) (4) (5) (6) @] (3) (&) (10) (11) (12) (13) (14) (15) (16)

Treatment 0.132%  -0.075 0.148%%  0.082 20.105%  -0.178%* 0.143%%  -0.002
(0.069)  (0.068) (0.057)  (0.060) (0.063)  (0.075) (0.065)  (0.055)
T1 (without network) 0.215%%% 0,012 0.128%%  0.019 0.072  -0.138* 0.150%*  -0.030
0.071)  (0.078) 0.063)  (0.071) (0.074)  (0.081) (0.068)  (0.068)
T2 (with network) 0.047  -0.142 0.169%#%  0.147%* 0.138%  -0.221%* 0.135%  0.028
(0.089)  (0.087) (0.061)  (0.065) (0.073)  (0.086) (0.070)  (0.062)
Baseline Y 0.048 0.082%%F 0048  0.081%#% 0.060% 0.114%% 0059% 0.115% 0099+++ (.115%++ 0099%+* 0.118%%* 0017 0018 0017  0.020
0.034)  (0.031)  (0.034)  (0.030) (0.035) (0.029) (0.035)  (0.028)  (0.032)  (0.030)  (0.032)  (0.030) (0.023) (0.037) (0.023) (0.037)
p-value [T1=T2] [0.04] [0.17] [0.39] [0.06] [0.38] [0.26] [0.76]  [0.42]
Observations 1377 1377 1,377 1377 1376 1377 1,376 1,377 1,376 1373 1,376 1373 1377 1374 1377 1374
R-squared 0.034  0.026 0.039 0029 0037  0.044 0.038 0.047 0.046 0.051 0.046 0052 0020 0014 0020 0014
Mean Y 0.02 0 0.02 0 0.11 0.12 0.11 0.12 0.28 027 0.28 027 0.07 0.07 -0.07 0.07

Note: The dependent variables are the standardised Z-scores (Z(y) = % where, Y is the mean value of y for the control group and sd is the standard-deviation for the control
group) of the responses to questions on gender attitudes. (Attitudel: In your opinion, is it acceptable for an adult woman to travel outside the locality if she wants to?; Attitude2: In
your opinion, should an adult woman work outside of home if she wants to?; Attitude3: Do you approve of a married woman earning money if she has a husband capable of
supporting her?; Attitude4: In your opinion, if the wife is working outside the home, should the husband help her with household/care duties?). A higher value represents gender
progressive Attitudes. Columns (1)-(4), (5)-(8), (9)-(12) and (13)-(16) report the coefficients for first, second, third and fourth Attitude, respectively. Columns (1)-(2) report the
combined treatment effect using equation while Columns (3)-(4) report it for equation (2.2}, by gender for the first Attitude. Similarly, the subsequent columns report the
result for the second, third and fourth Attitude. The p-values correspond to test of equivalence in the treatment effect between the two treatment arms (T1 and T2). ‘Mean Y’
denotes the mean value of the dependent variable for the control group at Baseline. All specifications control for household characteristics (asset index, joint family, number of
children, SC/ST, Hindu religion, native, and years staying in current location) and individual characteristics (above primary education, age (in years), occupation type, mobile
usage) at baseline. Standard errors clustered at PS level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Chapter 3

The Gendered Effects of Droughts:
Production Shocks and Labor Response in

Agricultur

3.1 Introduction

Climate change has not only resulted in a rise in average temperatures, but it has also increased
the incidence and severity of extreme weather events such as droughts and floods (Schiermeier,
2018). Such weather shocks are predicted to rise further if climate change continues unabated
(Hsiang and Koppl 2018; IPCC,[2021)). Amongst all economic sectors, agriculture is likely to
face the greatest brunt of increasing rainfall uncertainty since more than 75% of the world’s
cropped area is rain-fed. Weather shocks resulting from extreme rainfall are, thus, likely to
make agricultural incomes and employment prone to productivity risks - a greater concern in
developing countries where agricultural systems are largely rain-fed and are also managed by
some of the poorest communities. The absence of social insurance and incomplete credit markets

in low-income economies underlies the importance of labor as a resource for individuals to cope

I'This paper is joint work with Farzana Afridi (ISI-Delhi) and Kanika Mahajan (Ashoka University) and is
published in Labour Economics. Refer to|Afridi et al.| (2022b).
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with such shocks. Additionally, negative short-term productivity shocks such as droughts can
potentially exacerbate extant gender differences in labor market outcomes when women’s access
to off-farm work opportunities is constrained by social factors such as low mobility.

India, with 40% of its workforce employed in the agriculture sector, has experienced an
increased incidence, duration and intensity of droughts, over the last century (Figure In
this paper, we combine high frequency, individual-level panel data capturing monthly labor
supply and seasonal migration during 2010-14 across eight agro-climatic zones of India to
analyze the role of labor markets in mitigating the impact of adverse agricultural production
shocks due to droughts. Specifically, we examine the short-term impact of deficient rainfall
on individuals’ overall labor force participation, employment on the farm and diversification
towards the non-farm sector on both the extensive and intensive margins in rural areas. In a
context where men are often better placed to take advantage of available coping mechanisms
through their access to other work via seasonal migration, we assess these labor responses by
gender. Thus, we also uncover the mechanisms underlying the gender-differentiated impacts on
employment.

Our results indicate a fall in women’s labor force participation relative to that of men’s in the
event of a drought. We find that women are 7.1% less likely to be employed but 80% more likely
to seek work than men in a drought year. On the intensive margin, women’s employment relative
to that of men’s is lower by 19%. This is because men increase their days spent on non-farm
work by 22.5%, but there is no significant impact on women’s engagement in the non-farm sector.
Consequently, women’s non-farm workdays relative to men’s fall by 20.1% in drought years.
At the same time, women spend 29.4% more days seeking work, relative to men, when faced
with a drought shock. Hence, while men diversify to non-farm sector jobs to cope with droughts,
women continue to stay in the farm sector, even as they seek work and their real farm wage
earnings (conditional on being employed on the farm) and real daily wage rates fall by 38.1%
and 11.4%, respectively.

We find that the lack of substitution towards the non-farm sector in response to a drought by
women is due to their restricted mobility. Women are less likely than men to work outside the
village or migrate, on average, and more so in drought years. The probability that men take up

work outside the village and migrate during a drought increases by 1.7 percentage points (pp)

2See: Indian Meteorological Department (IMD report 2020). A drought is defined to occur for a grid point
when rainfall in the main monsoon season (June-September for India) lies in the first two deciles of the long term
rainfall distribution of that grid point.
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and 0.8 pp, respectively, but there is no impact on women’s workplace location. Men’s higher
mobility translates into 18.6% higher non-farm earnings for them relative to women, in the event
of a drought.

We find suggestive evidence for social costs emanating from rigid gender norms that place
a higher burden of home production and care work on women, as well as concerns around
women’s sexual ‘purity’ that inhibit their access to alternative sources of employment beyond
their immediate vicinity, as possible explanations behind their lower mobility. Not surprisingly,
our analysis shows that women who are younger, married and with young children are not only
less likely to divert their labor to the non-farm sector, but are also less likely to migrate relative
to men with the same characteristics. These findings are robust to individuals’ unobserved
heterogeneity, seasonality, secular and village specific trends. They are also held up by nationally
representative district-level panel data.

It is well acknowledged that reliance on insurance is mostly absent, while credit markets are
incomplete, in agricultural economies (Morduch, |1995). Hence, utilization of labor, specifically
a diversification to the non-farm sector, has been documented as a coping strategy adopted by
agricultural households during economic shocks that adversely affect crop yields and incomes
(Rosel, [2001; Minalel, [2018; |Colmer, 20215 (Grabrucker and Grimm|, [2021}; [Blakeslee et al., 2020;
Branco and Feres, 2021) ]

Studies also document a fall in real daily farm wages due to a reduction in demand for labor
during a drought, with a larger wage reduction in areas with lower access to non-farm opportuni-
ties (Jayachandran, 2006; [Mueller and Osgood, [2009; Auffhammer et al., 2012; Mahajan, [2017)).
Naturally, households often migrate when incomes and livelihoods are adversely affected due
to weather shocks like deficient rainfall (see Badiani and Safir (2008); |Marchiori et al.| (2012));
Morten| (2019), among many others), heat stress (Cai et al., [2016)), floods (Giannelli and Canessal,
2022)) and storms (Groger and Zylberberg, 2016)E]

3 Absent this labor reallocation, the economic losses can be enormous — up to 69% higher as estimated by
Colmer| (202 1) for temperature-driven adjustments using data from Indian firms. Other coping mechanisms include —
diversifying income sources to the non-farm sector (Ito and Kurosaki, 2009); ex-ante cultivating low-risk crops
(Morduch, [1995)); varying planting timing (Kala,|[2017); investing in increased irrigation (Tarazl,2017)) and using
drought-resistant seeds - these strategies are however often more costly and less likely to be adopted in developing
countries (Kristjanson et al.,2017). See Dell et al.|(2014) for a review of studies that assess the effects of precipitation
and temperature shocks on agricultural yield and productivity as well as adaptation by farmers.

4Emerick (2018), using district-level data from India shows that above-normal precipitation increases the share
of non-farm sector employment. This is driven by increased local demand for goods that attract labor to the non-farm
sector. Thus, when estimating the effects of negative precipitation shocks on employment outcomes, we control
for positive precipitation shocks to allow for differential changes in sectoral employment in periods of both low
productivity shocks (due to distress) and high productivity shocks (due to increased local demand).
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However, much less is known about the individual, specifically gender-differentiated re-
sponses to these shocks. In the context of developing countries where women are generally
less mobile and less likely to search widely for work (Heath and Mobarak, 2015 /Andrabi
et al., 2013)), men may be better placed to cope with productivity shocks in agriculture and
diversify into sectors less subject to weather shocks. But evidence of gender differences in labor
response for smoothing the risk emanating from weather shocks, is almost absent, with a few
exceptions. Huang et al. (2020) use retrospective employment data for three years from rural
China to examine labor re-allocation, in response to temperature and precipitation change, from
farm to non-farm activities by gender at the province level. They find no differential impact in
take up of non-farm work by gender due to such shocks. In Uganda, where men and women
cultivate separate plots of land, Agamile et al.| (2021) show that women diversify to more risky,
commercial crops and away from subsistence farming while men allocate more time to off-farm
labor employment during a drought. However, none of these papers addresses either individual or
household level unobserved heterogeneity in assessing the response to climate shocks or explore
the underlying mechanismsﬂ

While the existing literature largely focuses on how households diversify their income sources
when farm productivity shrinks, we focus on the gender differences in individual decisions when
struck by an adverse agricultural productivity shock. Second, and relatedly, unlike the aggregate
geographical data used in most previous studies, we underline the potential gender-differentiated
impact of climatic shocks such as droughts utilizing novel individual-level panel data over eight
agro-climatic zones, collected at a monthly frequency. We are thus able to account for seasonal
impacts that are relevant to the agricultural sector.

Furthermore, none of the existing studies provide mechanisms behind the observed gender-
differentiated impacts. Our analysis uncovers the underlying mechanisms that can explain the
lower likelihood of women substituting towards less risky, non-farm sector jobs, relative to men
through detailed data on the nature of employment, place of work, and migration. Unlike most
household surveys that capture employment details of only current members of the household

and miss out on those members who are temporary migrants, our data allow us to investigate

3In the Indian context, Maitra and Tagat| (2019) examine the gender-differential in the labor responses to rainfall
shocks for self-employed and wage work at the district level, but not substitution towards the non-farm sector. They
find that men increase their regular wage work in response to negative rainfall shocks while there is no change
for women. |[Kochar| (1999)) finds evidence for consumption smoothing by cultivating households in the event of
household crop income shocks (as opposed to an aggregate shock, such as rainfall) through diversification of labor
to the non-farm sector, but only by men. Neither delves into the mechanisms that cause this gendered response, in
general, or the location of non-farm work, specifically.
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coping mechanisms from farm income losses through engagement in seasonal migration, and the
extent to which men and women are able to access non-farm sources of employment through
this channel. Our research, thus, also speaks to the literature on migration, by highlighting the
role of seasonal migration as a coping mechanism and its potential in exacerbating the impact of
weather shocks on gender equality (Cattaneo et al., 2019)@

Lastly, through our heterogeneity analyses of the individual-level data which exploits the age,
marital status, and parenthood of an individual, we are able to show that social norms around the
gendered nature of household production and women’s purity place a cost on women’s access to
employment opportunities outside their village.

Indeed, we find suggestive evidence that public employment programs that provide work
close to women’s homes, not only mitigate production risks in agriculture in the short-run but
also stem gender disparities in employment opportunities. Social norms, thus, can plausibly
explain the observed gender-differentiated impacts of droughts in our context. This mechanism,
to the best of our knowledge, has not been previously highlighted in the literature. While we do
not find evidence in support of gender skill differentials or safety concerns, we are unable to test
for gender-differentiated changes in demand for labor in the farm and non-farm sectors, due to
data constraints.

The above findings are in contrast to the theoretical prediction and empirical evidence
which shows that women’s employment rate increases in response to negative household level
idiosyncratic income shocks in low-income economies (Attanasio et al., 2005; |Skoufias and
Parker, 2006; Sabarwal et al., 2011). Our findings show that while women are more likely to
seek work due to negative aggregate income shocks, their employment may not increase if their
labor mobility is limited. Additionally, climatic shocks may have long-term effects. Our cross-
sectional estimates indicate that gender gaps in non-farm employment and migration are larger
in villages facing higher risks from rainfall variability, suggesting that men may permanently
shift their occupational structure to the less risky non-farm sector. Indeed, Albert et al. (2021])

finds that regions facing increased frequency of droughts witness a shift in employment towards

5There is, however, no consensus in this literature since the search for alternative locations for residence can
increase while credit constraints can decrease permanent migration. [Dillon et al.|(2011) and |Gray and Mueller
(2012)) find that men are more likely to permanently migrate in response to temperature increases in Nigeria and
droughts in Ethiopia. On the other hand, Baez et al.| (2017) find increased permanent migration by women in
response to heat exposure in the Latin America and Caribbean region. The responses can also vary by the nature
of the negative productivity shock such as harvest losses vs earthquakes (Halliday| [2012)). Importantly, while the
existing literature has largely focused on permanent migration, our main interest in this paper is to look at the
channel of seasonal migration for alternative employment in the face of shock.
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the non-farm sector and an increase in population outflows over two decades in Brazil. In
contrast, |L1u et al.| (2021]) and Jessoe et al. (2018) show that long-term temperature increases
reduce non-farm employment share and lower rural-urban migration rates in India and Mexico,
respectively. Our findings, thus, call for further research on the longer-term effects of weather
shocks, from a gender perspective.

The remainder of the paper is organized as follows. In the next section, we set up the
conceptual framework. Section [3.3] describes the data used in the analysis and discusses the
estimation strategy. The results and their robustness are presented in Section 3.4, We discuss the

mechanisms that underlie our findings in Section and conclude in Section

3.2 Conceptual Framework

We develop a simple theoretical framework for analysing labor supply decisions in response to
production shocks in an agrarian economy. We assume two sectors - farm (a) and non-farm (n),
and two types of agents (¢g) - female (f) and male (m). A representative agent is endowed with
one unit of time that can be allocated to three activities: farm work ({,), non-farm work ({,,) and
leisure (1 — [, — [,,). The agent obtains utility from consumption of farm good (c,), non-farm
good (c,) and leisure (1 — [, — [,,) and takes prices and wages as given.

We build on the empirical evidence around restricted labor mobility of women by including
social costs associated with an agent working in the non-farm sector in our framework. Agents
internalise these social costs, deriving disutility from participation in the non-farm sector, which
varies by gender, with women bearing a higher disutility. To elaborate, while farm work is
usually close to home in agrarian economies, non-farm work is typically located at a distance.
In our data, for instance, the average distance to farm work (conditional on farm employment)
in a month, including seasonal migration, is 75 km while it is 3832 km for non-farm work
(conditional on non-farm employment). This indicates the important role played by seasonal
migration for access to non-farm jobs. Even if we exclude migration, a large gap persists in the
average distance to farm work (4 km) and non-farm work (212 km).

Thus, social costs can arise due to the stigma associated with women’s participation in work
that reduces their time at home (due to increased travel times) — a consequence of social norms
around the gendered division of labor at home wherein women are expected to be primary

caregivers (Afridi et al., 2019; Heath and Mobarak, 2015} /Andrabi et al., 2013)[] In addition,

7 Across the world, women spend triple the time on unpaid care work than men, ranging from 1.5-2.2 in North
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notions about women’s sexual ‘purity’ can cause stigma if women are likely to interact with men
(other than family members) while travelling to work or at work (Dean and Jayachandran, 2019;
Eswaran et al., 2013). This can lead to higher social costs for non-farm work for women because
such work is predominantly male-dominated in India, a feature of the Indian labor market we
discuss later.

The utility maximization problem for an agent, is thus, given by:

max U, = u,(co,Cny 1 — 1o — 1) — v, (1) (B.1)

CaCnslasln

subject to,

Ca + Cnp < lywg + L,wy, (B.2)

where v, (1,,) captures dis-utility due to the social cost of participation in the non-farm sector.
The utility function is assumed to be well behaved, i.e., increasing at a decreasing rate in all the
arguments. The price of the farm good is normalised to one, while p denotes the price of the
non-farm good. w, and w,, are the wage rates in the farm and the non-farm sector, respectively,
with the assumption that w, < w,. We consider the extreme case where only women face
dis-utility from working in the non-farm sectorﬁ

On the production side, the farm production function is given by:
A=0BLl (B.3)

where @ is the productivity parameter, B denotes the land used in production, L, is total labor
employed on the farm and e is the share parameterﬂ

A negative productivity shock to the farm sector denoted by D, specifically drought, reduces
f. Consequently, this reduces the profit maximising equilibrium labor demand (% < 0) and

depresses wage rates (%2 < (). The detailed proofs are presented in Appendix We

dD

America and Europe to 6-6.8 times in the Middle East, North Africa, and South Asia (OECD Report). Time Use
Survey for India (2018-19) shows that women spend eight times more time on household and care work than men
(Hindustan Times). Further, in a recent survey by the PEW center, around 40% respondents in India reportedly
prefer a marriage in which the husband provides for the family and the wife takes care of home and children as
compared to 23% across the 34 countries surveyed in 2019. Among other low-middle income countries - Philippines,
Kenya, and Nigeria - this proportion stood at 32%, 20%, and 33%, respectively.

8We find similar results if we instead assume that both the sexes incur this cost with women bearing a higher
cost.

We assume only one type of labor in this simple theoretical exposition, i.e., male and female labor are
perfect substitutes. This implies that both types of labor get the same wage rate (w,). This assumption is only for
simplification of the theoretical exposition. We find similar results, albeit under some additional assumptions, when
using a production function where male and female labor are imperfect substitutes.
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further assume that production in the non-farm sector is independent of negative agricultural
productivity shocks such as a drought

The solution to the utility maximization problem gives us the labor supply responses during
a productivity shock to the farm sector (see Appendix [3.A.A|for details). We are interested in the

gender gap in these responses, which are expressed as follows:

dlyy  dlew (R+S R dw,

_ lam _ BN (L B.4
dD ~ dD (H+Z H)X< dD) B4
iy dly (T dw,
dD  dD _(H+Z E)X( dD> ®-5)

The terms H, R, S, J and Z, defined in Appendix [3.A.A] are a collection of double derivatives
of the utility function. One can sign these expressions under certain parametric assumptions. All
plausible cases under which women’s diversification to the non-farm sector employment could
be restricted, while men move to the non-farm sector, when a drought occurs, are discussed in

the Appendix. For simplicity of exposition, here we discuss the case when />0. Under this

dlam

case, it can be shown that R<0 and J>0, which implies that i

< 0and e > (), j.e., men
diversify from the farm to the non-farm sector during a drought. The corresponding sign for
female farm labor supply (%) depends on the values of S and Z which are associated with the
social costs. While the sign of Z depends on the shape of the dis-utility function, the direction of
S is ambiguous. Therefore, the direction of change in farm work for women in response to a
drought can be either negative or positive, depending on the relative magnitude of these terms.
This makes the relative effect of drought on women’s versus men’s farm labor employment
ambiguous in equation (B.4).

Next, we look at the relative effect of drought on non-farm labor response by women versus
men in equation (B.5)). Given H>0, the sign of this term depends only on the sign of Z —when
Z is positive, i.e., for a convex dis-utility function, the increase in the non-farm workdays of
women would be less than that of men when faced with a drought shock. In this case, the relative
effect of drought on women’s versus men’s non-farm labor employment is negative in equation
(B.5)), i.e., women are less likely to increase supply to the non-farm sector in the event of a
drought when compared to men.

Hence, dis-utility from participation in work located further away or when male dominated

due to social costs can restrict women’s labor mobility and diversification away from the more

10 Again, this assumption is only for simplification of the theoretical exposition. In fact, as long as the effect
of drought on the productivity in the non-farm sector is smaller than its effect on the farm sector, an assumption
validated by evidence that weather shocks affect the farm sector more (Pachauri et al.l 2014)), our theoretical
predictions go through.
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risky farm sector. Women’s limited mobility can, therefore, lead to gendered effects in labor

response to climate shocks.

3.3 Data and Methodology

We now describe the data and variables used in our analysis.

3.3.1 Data

Individual labor market outcomes

We use five rounds of the Village Dynamics in South Asia (VDSA) longitudinal survey data
collected by ICRISAT in IndiaE] The VDSA study aims to understand the dynamics of agricul-
tural development and rural poverty by following households in 30 villages (representative of the
Semi-Arid Tropics (SAT) and Humid Tropics regions) across eight states of IndiaE] Figure m
in the Appendix shows the location of the sampled villages, which cover eight of the twenty
agro-climatic zones of India. Each round collects employment data for the entire agricultural
year, i.e., from July of this year to June of the following year, for 40 households per village, at a
monthly frequency. These households (30 cultivator and 10 landless households) are selected at
the beginning of the survey through stratified random sampling based on operational landholding
size Detailed information on sampled households’ socio-economic characteristics, agricultural
production and livelihoods are collected annually, at the beginning of each agricultural year in
July.

The survey records employment-related details for every month of each year for each member
of a sampled household, including temporary migrantsE] We use data on all individuals aged 15

and above in the five latest rounds of the survey from 2010—2014E] We, thus, use an individual-

For details see http://vdsa.icrisat.ac.in/|

12The SAT regions, characterised by highly variable, low-to-medium rainfall and lack of irrigation facilities
include the states of Andhra Pradesh, Karnataka, Maharashtra, Madhya Pradesh and Gujarat. The Humid tropics
with hot and humid summers in Eastern India include the states of Bihar, Jharkhand and Odisha. Data are available
for 2005-14 for the SAT region and 2009-14 for the Humid Tropics.

3A cultivator household refers to farm households that crop a positive amount of land in a season in a year,
where season is defined on the basis of the crop type cultivated by the household and operational holding is the
sum of own and net leased/shared land. If a household moves out of the village permanently, it is replaced by a
household belonging to the same category.

14To elaborate, households are visited every month by the enumerator to collect monthly employment information
for individuals listed as household members at the beginning of the agricultural year.

SWe do not use data from previous survey rounds which began in 2005 because employment data are available
at a monthly frequency only from 2010 on-wards for both the regions.
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level monthly employment panel, allowing us to account for the individual-level unobserved
heterogeneity. Our sample consists of 5,931 individuals from 1,367 households, comprising a
total of 279,935 individual-month year observations (see Table in the Appendix)m The
average age of individuals in our sample is a little over 35 years, with over 7 years of completed
education. Approximately 50% of these are women, 65% are married and 25% have a young
child below the age of 10 years (Panel A, Appendix Table 3A.I). A household, on average,
has 1.56 children and almost two women or men in the 15-65 age group. These households
are quite poor with a durable asset ownership value of about Rs. 12,000 or USD 165 (Panel B,
Appendix Table [3A.T)). We also construct an asset index to capture household wealth through
asset ownership in the initial year the household was surveyedE]

Table 3A.2]in the Appendix reports the definitions and the summary statistics for the key
labor market variables used in the analyses of the individual level monthly employment data.
The employment module in the survey records both labor market participation and the number
of workdays for each member of the household, by the type of work undertaken - paid farm (as
hired labor on others farm), family farm (as labor on farm cultivated by family), family livestock
and non-farm. Here, non-farm includes all work in the non-farm sector whether it was done for a
wage or in a self-employed activity, with no differentiation between the two in the VDSA data.

Panel A and B of Table[3A.2]in the Appendix show the summary statistics for the variables
that capture employment on the extensive margin and on the intensive margin, respectively. Panel
A shows that on average 81% of the sample is engaged in the labor market in a month. There
is higher participation in overall farm work (paid farm (15%) and family farm (43%)) relative
to non-farm work (30%). Conversely, we find higher workdays per month in non-farm (6.53)
than farm (paid (2.05) and family (3.46)), as shown in Panel B. This highlights the difference
in the intensity of work between the two sectors. Panel C indicates that monthly non-farm real
earnings are higher than the monthly earnings of a hired or paid laborer in the farm sector.

These overall statistics, however, hide considerable gender differences in labor market
participation and outcomes as shown in Table The labor force participation rate (LFPR)
for women on an average in any given month is 69% while that for men is 92%. Excluding

the activity of taking care of family livestock, women’s LFPR further falls to 53% while that

160ur data set is not balanced since new members join the pool when they cross the threshold of 15 years and
there would also be deceased individuals over a span of five years, especially for the elderly population. Even with
these constraints, of the individuals observed in 2010, 93% are present in 2011, 89% in 2012, 87% in 2013, and
82% in 2014.

""Further details on the construction of these variables are mentioned in the note to Appendix Table
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for men becomes 85% in the VDSA data. This figure is quite close to the usual status (worked
for at least 30 days in the last year) female LFPR of 46% and male LFPR of 82% obtained
using employment data from the nationally representative National Sample Survey (NSS) on
employment and unemployment conducted in 2011-12, for the eight states lying in the SAT and
Eastern regions of India Thus, gender disparities in employment in the VDSA data and the
nationally representative data for India are comparable for these regions.

This gender gap in employment rates is largely due to the difference in the non-farm sector
employment rates of 12% and 47% for women and men respectively (Panel A, Table [3.1)). In
terms of employed workdays, women work less than men by almost half, again with considerable
heterogeneity across sectors (Panel B, Table [3.1). On average, women spend more days per
month in farm work at 4.84 days (paid (2.39) and family (2.45)) than in non-farm work (2.51
days) Further, in both the farm as well as the non-farm sector, real earnings of men are higher
than that of women (Panel C, Table[3.1)). Notably, the gender gap in earnings is much higher in
the non-farm sector, with earnings of men eight times that of women. This is partly due to the
gender gap in employment and also the gender gap in the daily wage rate@] Here, the earnings
in the farm sector include wage earnings while the non-farm sector earnings include both wage
earnings and profits from self-employed activities in the sector.

In Section [3.2] we claimed that women are more likely to work closer to their homes, unlike
men. Table[3.1] Panel D, shows data on workplace location by gender. Here, ‘Outside village’
is defined as an indicator variable that equals one if an individual reports positive employment
days outside the village in a given month. Similarly, ‘Migration’ is an indicator variable that
takes a value of one for an individual who reports migrating for work in any activity in a given
month. The table shows that 29% of men report working outside the village in any activity in
a given month, while only 4% of women do so. Not surprisingly, the gender gap in working
as a migrant is 11%. We also calculate the distance to work by measuring the distance from

home to the location where the work was undertaken The unconditional (conditional on paid

8For an individual to be classified as being in the labor force in the NSS he/she should have engaged in 30 days
of work or sought work in a year, as against the VDSA which requires working or seeking work for more than one
day in a given month. The VDSA is, thus, likely to give a higher LFPR rate. Also, the NSS surveys, compared to
other nationally representative datasets like India Human Development Survey, have been shown to not capture
employment in livestock and animal care well which can underestimate women’s work, many of whom are involved
in this activity. See: IHDS report.

“We find a similar pattern of a much larger gender gap in employment in non-farm than the gender gap in farm
employment using the 61", 64'", 66t and 68" rounds of the NSS, as discussed later in Section

20The gender wage gap (In(male wage)-In(female wage)) is much higher in the non-farm sector (72%) than in
the farm sector (41%).

21'To clarify, this does not reflect the actual distance travelled. For instance, an individual may have stayed in
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employment) average distance to work, including seasonal migration for work, is over 77 (268)

km for women, compared to 2179 (3776) km for men in a given month.

Rainfall

We use high spatial resolution, daily gridded (0.25 x 0.25 degree) rainfall data collected by the
Indian Meteorological Department (IMD) for the last 45 years, i.e., 1971-2015. We match the
latitude-longitude of each sampled village to the nearest point on the grid to generate monthly
rainfall data at the village level. Following Jayachandran| (2006), our measure of the rainfall
shock, namely a drought, is defined to occur when the monsoon rainfall lies in the bottom
two deciles of the rainfall distribution for that village over the past 45 years. Over 80% of
the annual precipitation in India is received during the months of June-September (Turner and
Annamalail, 2012)). This is the main south-east monsoon season for India and the amount of
rainfall received during this period is not only important for the kharif season (cropping season
during the monsoon) but also in recharging the aquifers which are used for irrigation during
the rabi season (post-monsoon cropping season)F_f] Therefore, as in the literature, we define
monsoon rainfall in a given agricultural year as the sum of rainfall during June-SeptemberF_g]
Using this definition, Figure [3.1]shows an upward trend in the number of grids facing droughts
between 1901-2017 in India. In our sample, villages received an average monsoon rainfall of
777 mm during 2010-14, 5% lower than the average over the past 45 years (Panel C, Appendix
Table [3A.T). Drought-like conditions were experienced by 26% of the villages during these five
years. Following the existing literature, we assign all households within a geographic region, in
our case a village, the same value of the drought shock.

We validate our measure of drought by assessing its impact on agricultural output and yield
for the sampled villages in the VDSA study. The detailed estimation strategy and results are
discussed in Appendix As expected, we find a negative effect on the production and yield
of rice by 56.1% and 33.2% respectively, in a drought year. We also find that the average farm

revenue of a household falls by 27.7%, although imprecisely, while profits fall significantly by

a nearby town for 10 days, which is 100 km away, and in the remaining 20 days worked in the village. The total
distance to the place of work in that month for that individual will be calculated as (10x 100 + 20x0)=1000 km. If
an individual did not engage in any employment in a given month then this measure takes a value of zero.

22We classify months into agricultural seasons for the individual level analyses as follows — kharif (June-
November), rabi (December-March) and summer (April-May).

Z3For instance, to define the drought shock for the agricultural year 2010-11, we sum up the village level rainfall
for the monsoon months of June 2010-September 2011 and obtain the drought measure using the aforementioned
methodology. We then assign this drought shock to the months July 2010 onwards until the onset of the next
monsoon in 2011, for all households in that village.
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49.5% due to drought. These results reported in Appendix Table 3A.3|confirm that our measure
of drought accurately captures the shortage of water resulting from low rainfall, thus reducing
agricultural productivityEf] Lastly, we find a significant reduction in the total labor use on the
farm by 24% (Appendix Table [3A.4)), with labor use in upstream tasks of preparation of land and
sowing affected less than downstream labor-intensive tasks like weeding and harvesting by a
drought shockE] Labor used for weeding falls by 84.2%, as weed growth gets stunted due to low
rainfall and that for harvesting falls by 50.3% [

3.3.2 Empirical Strategy

Our main estimating equation is as follows:

yfhvmst = Bg + ﬁfDTOUght,Ut + ﬁgXihvt + (5gZhvt + 7"-gSut + Di] + Dg + Diq + € (B6)

ihvmst

where y7, . represents the labor market outcome for individual ¢ in household £, in village
v, in month m in season s and year t. A Drought is an indicator variable that takes a value
of one if the monsoon rainfall in the village v in year ¢ lies in the first or second decile of the
long term rainfall distribution for that village, and zero otherwise. We estimate this equation
separately for each gender g € { female, male}. Here, 3{ estimates the impact of drought on
individuals’ labor market outcomes, under the identification assumption that the drought shock
is uncorrelated with other shocks to labor demand or supply in a village in a given year. Given
the unanticipated nature of rainfall and our interest in looking at the reduced form impacts of the
drought in equilibrium on labor market outcomes, this assumption holds. Our main coefficient
of interest is 3 “™*¢ — gmale which estimates the impact of drought on women relative to men
for a given labor market outcome.

In our empirical specification, we transform the continuous dependent variables, i.e., work-
days and earnings, using the Inverse Hyperbolic Sine (IHS) transformation to take into account
zero values for labor use and earnings in a given month for an individual. The advantage of this

transformation is that it is defined at zero and the regression coefficients (3{) can be interpreted

as a percentage change in the outcome variable due to a droughtFj] On the other hand, for

24Refer to notes of Appendix Table on measurement of outcome variables.

ZSWeeding and harvesting are the most labor-intensive operations utilising 107.4 and 219.34 labor hours,
respectively, on average in a season in a year.

26We find similar results when we consider per-acre labor usage hours as the dependent variable.

?"The transformation is given by log(y) = log(y-+(y*+1)'/?) (Burbidge et al.,|1988). While this transformation
estimates the effect in percent terms with little error for variables with values greater than 10, it underestimates the
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binary outcome variables which capture employment outcomes on the extensive margin, /37 is
interpreted as percentage point change due to a drought.

Xinot 18 @ vector of individual-level controls that may vary over time, e.g. marital status. Zp,;
are time-varying household controls that can affect individual employment choices — family
composition (number of children, number of female and male members in the working-age
group), the distance of the house from the nearby market (to capture distance to nearest urban
areas where non-farm jobs are available) and average education level (in years) of the household
adults. Additionally, we interact the initial asset index and the real value of durables in the first
year the household was surveyed with a linear time trend to take into account differential labor
use trends over time by the wealth of the household. We also control for the upper two deciles
of monsoon rainfall in a village in a given year (S,;) since a priori it is not clear whether high
rainfall reflects a positive or negative productivity shock as higher than usual rainfall can also
create a flood-like situation that reduces farm productivityEg]

We include a range of fixed effects in our specification —DY represents individual fixed
effect that controls for unobserved, time-invariant, individual-level factors that may affect labor
allocation by men and women in a household, DY represents season fixed effect and Dy is an
year fixed effecth] The standard errors are clustered at the village-season level since the drought
measure is defined at the village level and shocks within the village for the same season are

likely to be correlated.

3.4 Results

3.4.1 Main results

We report the estimated effect of drought on labor market outcomes using equation (B.6)) in

Table Columns (1)-(2) report the results for overall participation in the labor market, while

effect if the variable takes values below 10 (Bellemare and Wichman), [2020). Since the average workdays in our
sample are below this threshold, we multiply them by 10 to reduce the error. We also estimate specifications by
taking logs and adding a very small positive value to zero and continue to find similar results in percentage terms.
Thus, our results are not sensitive to the IHS transformation in particular.

Z8Existing papers, using district-level data, show that rainfall in the upper deciles can have a positive productivity
effect over the entire district (Jayachandran, |[2006; [Emerickl |2018). In our village-level data, we find that the upper
deciles of rainfall do not have any positive impact on farm productivity.

2We choose to carry out the regression analysis with agricultural season fixed effects even when our data varies
at the monthly level. This is to ensure that we accurately capture the seasonal nature of rural labor markets and to
keep the analysis consistent with the seasonal agricultural demand. Our results remain unchanged even with month
fixed effects.
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columns (3)-(4) and columns (5)-(6) report the estimates for its constituents ‘Employed’ and
‘Unemployed’, respectively, by gender. Panel A shows the estimates on the extensive margin
while Panel B captures the intensive margin impacts as defined in Table [3A.2] In each panel, the
first row reports the coefficient on ‘Drought’. The second row (‘Difference’) captures the gender
differential between women and men in the effect of drought on the outcome Variables The
mean of the binary dependent variable is reported in the last row of Panel A.

The results indicate that droughts can have opposing effects on the labor market outcomes of
women and men. While the labor force participation of women is affected insignificantly, men
increase their participation by 0.6 percentage points (pp) (Panel A, columns (1)-(2)) in response
to a drought. Consequently, the gender differential in labor force participation increases by 1.2
pp or 5.2% (at the mean gender difference) when a drought occursEr] The overall effect on labor
market participation hides another heterogeneity by gender - women are 1.2 pp less likely to be
employed (column (3)) but 1.6 pp more likely to seek work (column (5)) when a drought occurs
while there is no significant effect on men’s employment or unemployment. Thus, women are
1.7 pp less likely to be employed and 3.2 pp more likely to look for work, relative to men (row
‘Difference’). This implies a fall (rise) in women’s employment (unemployment) by 7.1% (80%)
relative to that of men.

We find similar effects of drought on the intensive margin of labor market outcomes in Panel
B of Table[3.2] There is a negative but insignificant change in the total days participated in the
labor market for women (column (1)). Women’s employed workdays fall by 15.3% (column
(3)) while the number of days they look for work increase by 14.4% (column (5)). Men’s total
workdays in labor market, as well as employed workdays, increase insignificantly (column
(2) and (4)) but their days seeking work reduce by 15% (column (6)). As a result, employed
workdays fall significantly more for women by 19%, while there is a significant increase in
involuntary unemployment days for women by 29.4%, relative to men.

Next, Table[3.3|reports the effect of drought on dis-aggregated employment, i.e., by the nature
of engagement in different types of work. We use three categories for the type of work — farm
(paid or family) in columns (1)-(6), livestock (columns (7)-(8)) and non-farm (columns (9)-(10)),
as defined in Table @ Again, Table @ Panel A shows the estimates on the extensive margin

30We run a fully interacted specification using the pooled sample of men and women to estimate the coefficients
and standard errors for this difference. To elaborate, we interact the drought measure, as well as all other controls,
with a female dummy variable that equals one for women and zero for men.

3The relative effect of drought on LFPR for women versus men in percentage is calculated by dividing the
gender differential in employment due to drought, in this case given by 1.2 pp, by the gender differential in mean
LFPR rates in the row ‘Mean Y’ in Panel A of Table given by (92 pp - 69 pp) = 23 pp. This equals 5.2%.
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while Panel B reports it for the intensive margin. Columns (1)-(2), show that there is a negative,
though insignificant, effect of drought on total farm employment. However, columns (3)-(6)
show that there is heterogeneity across paid and family farm. Women’s participation in paid farm
work is unaffected (column (3)), but men’s falls by 1.6 pp or 13.3% at the mean (column (4))
during a drought. There is no significant effect on participation in family farm for either gender
(columns (5)-(6)). Consequently, women’s paid farm participation rises by 2.1 pp during drought
years, relative to men’s. On the other hand, family livestock care work by women falls by 1.6
pp (3.8% at the mean) in column (7), while men are 2.1 pp (4.5% of the mean) more likely to
participate in non-farm sector work (column (10)). Thus, women’s participation in both livestock
and non-farm sectors falls by 1.9 pp and 1.8 pp, respectively, relative to men.

We observe similar effects on the intensive margin in Panel B of Table [3.3] Women’s
workdays, relative to men’s, on paid farm increase by 15.3% (columns (3)-(4)) but contract
in livestock care by 18.9% (columns (7)-(8)) and 20.1% (columns (9)-(10)) in the non-farm
sector, respectively. Thus, the overall fall in women’s relative employment on both the extensive
and intensive margins, reported in Table [3.2] (columns (3)-(4)), is driven by relatively lower
participation by women in livestock and non-farm sectors during a drought. The VDSA data also
captures average hours worked per day in the paid farm and non-farm sectors by an individual
in a given month, but not for family farm and family livestock work. In Appendix we
examine the effect of drought on total hours worked in paid farm and non-farm work categories.
We find that women’s hours, relative to men’s, in paid farm increase by 13.1% but contract in
the non-farm sector by 18.7% (Appendix Table [3A.5)). Thus, our previous findings for monthly
workdays continue to hold for monthly hours of work as well.

To summarise, we find a significant gender differential in the responses of women and men
to drought in paid farm and non-farm work. Men substitute away from paid farm work (13.3%)
and take up non-farm work (4.5%) to cope with the productivity shock due to droughts. The
workdays by men in paid farm fall (13.7%) while those in paid non-farm work increase (22.5%).
In contrast, women are less likely to diversify their workdays away from the farm to the non-farm
sector when a drought occurs. We find a decline in women'’s livestock workdays by 21% but
no effect on women’s farm and non-farm workdays. The gendered effects lead to a 15.3% gain
in farm workdays while the non-farm and livestock workdays decline by 20.1% and 18.9%,

respectively, for women relative to men, during a droughtF_Z] These findings suggest that the

32We also check for multiple hypothesis testing using the standard FDR Q method given the multiple outcomes
in our analysis (Anderson) 2008} |Benjamini and Yekutieli, 2001). Our main result of diversification to non-farm
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lower returns from farming during drought years push men away from farm work and towards
non-farm jobs while women continue to work on the farm with reduced intensity

Clearly, the above results show that women’s employment, on the extensive as well as the
intensive margin, falls more relative to that of men due to droughts. In Table [3.4] columns (1)-(4)
report the effect of drought on monthly earnings, columns (5)-(8) on monthly earnings conditional
on positive workdays, and columns (9)-(12) on daily wage rates (monthly earnings/workdays)
for the farm and non-farm sectors and by gender.

The results indicate an insignificant change in the monthly earnings of women in both farm
(column (1)) and non-farm (column (3)) work due to a drought. But men’s farm earnings fall sig-
nificantly by 18.5% (column 2) while their non-farm earnings increase by 17.5%. Consequently,
although farm earnings fall less for women by 18.9%, their non-farm earnings fall more by
18.6%, relative to that of men. The relative changes in earnings for both genders are consistent
with the results for workdays discussed above. However, summing up the paid farm earnings
and non-farm earnings, there is no significant difference in earnings during a drought for either
men or women (results omitted for brevity). This shows that men’s diversification from the farm
to the non-farm sector enables households to cope with a drought shock in terms of recuperating
lost earnings from hired work in the farm sectoer]

Next, we analyse earnings conditional on working in columns (5)-(8) in Table [3.4] to gauge
how earnings for those who choose to be engaged in a given type of work change due to droughts.
We find that women’s earnings fall by 38.1% (column (5)) while there is an insignificant change
for men (column (6)) in the event of a drought for paid farm earningsE] Conversely, the non-
farm conditional earnings are negative but insignificant (10%, column (7)) for women and
fall significantly for men by 9% (column (8)) during a drought. As a result, conditional farm
earnings fall more for women by 34.7% relative to men while there is no gender differential in
the conditional non-farm earnings.

Lastly, we look at the effects of drought on the marginal productivity of labor in different

work by men on extensive as well as intensive margins during a drought continues to remain significant.

33 Although we do not find any effects of the upper two deciles of rainfall on farm profits and revenue, excess
rainfall also leads to an increase in non-farm employment for men relative to women (Emerick, 2018)).

31t is however important to note that a large part of income loss is due to lower profits on the family farm, thus
non-farm diversification may not be able to provide full cushioning to the household income losses from all types
of work —own farm, paid farm and livestock. In fact, our findings show that total household incomes (paid farm
earnings, livestock earnings, non-farm earnings, and profits from farms) fall by around 8% in a drought year.

33The negative effect of droughts on conditional paid farm earnings of women with an insignificant effect on
their overall monthly paid farm earnings can be explained by women’s higher participation and increased workdays,
albeit insignificant, in the farm sector (Table@, column (3)).
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types of work. We examine how daily wage rates by gender respond to drought shock in columns
(9)-(12), again conditional on working. We find that farm daily wage rates fall more for women
(11.4%) while there is no significant effect for men (columns (9)—(10))5‘] On the other hand,
non-farm wage rates fall by 7-8% for both women and men but the fall is significant only for
men with an insignificant gender differential (columns (11)-(12)). Hence, the results suggest that
conditional on working women experience a relatively larger fall in farm wage rates — consistent
with the existing evidence that wage rate responses to productivity shocks are likely to be larger
in the farm sector when labor has fewer options to diversify to the non-farm sector (Jayachandran,
20006).

To sum up, our results show that women’s days in employment fall relative to men’s by 19%
when a drought strikes. This is due to no change in their total days of work in the farm or the
non-farm sectors, albeit a fall in their workdays in the livestock sector. However, men’s days
of work in the non-farm sector increase during a drought. Thus, women continue to work in
the farm sector during a drought, but with reduced intensity of work, and consequently a lower
relative daily wage rate, while men move to non-farm sector employment. In congruence with
our main results, we not only find that men residing in villages with higher rainfall variance
allocate more workdays to the non-farm sector, but also observe a larger gender gap in non-farm
sector employment in these areas Thus, both the short-term and possibly the longer-term
effects of climate change can be deleterious for women in terms of exacerbating gender gaps in

non-farm employment.

3.4.2 Robustness checks
Balanced sample

As mentioned previously, our individual-level data set is an unbalanced panel since new house-
hold members join and others leave the sample over time. This may bias our estimates above due
to sample selection. Therefore, as a robustness check, we restrict the sample to a balanced panel
of individuals for whom data are available for all twelve months of each year from 2010-14.

This comprises 73.7% of our original sample. The regression results for labor allocation across

36We also examine the effect of drought on hourly wage rate in the farm sector since we have earlier seen a
reduction in hours worked by women in response to drought. We again find that there is a 9.4% decline in hourly
wage rates for women in the farm sector in a drought while there is no effect for men.

37Here, rainfall variance is measured by the observed variability in monsoon rainfall. A village is classified
as high variability when its coefficient of variation of monsoon rainfall (=Standard Deviation/Mean) is above the
median of the distribution across villages.
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sectors remain unchanged and are reported in Panel A of Table[3.5] We find that women continue
to work in the farm sector while men move to the non-farm sector when a drought hits. This
leads to an overall greater decline in the days employed for women relative to men by 19.6%
(columns (1)-(2)) in a drought year. The previous findings for earnings and wage rates also

continue to hold for this sample.

Unconditional sample

Although the VDSA survey records monthly employment information for all household members
including migrants, for some individuals the employment information is missing for some months.
This can be due to reporting errors or if a member permanently leaves the household for marriage,
work or expires. These missing data may not only bias our individual estimates but also the
gender differences if either gender is systematically more likely to suffer from misreporting.
Therefore, as a robustness check, we consider a full sample of all individuals aged 15 and above
who were recorded in the annual household survey at the beginning of the year unconditional on
being observed in a given month. For the months for which employment data are missing we
assign a value of zero to overall workdays and workdays by sector. This increases our original
sample by 4.2%. The regression results are reported in Panel B of Table [3.5]and remain similar

to our main findings above.

Village-specific trends

Throughout our analysis we account for changes in outcome variables over time through year
fixed effects. However, our results may be confounded by village-specific annual trends in
employment and other socio-economic factors. We, therefore, account for village specific linear
trends as an additional control in our specification. Our conclusions do not change as shown by

the results in Panel C of Table

Alternative measure of drought shock and other controls

We first check if our results on labor market effects of a contemporaneous drought shock are
robust to the inclusion of lagged rainfall shock measures and temperature. In Appendix Table
BA.6, columns (1)-(4), we introduce one year lag, in addition to the contemporaneous value,
for both our drought and excess rainfall shock in the main specification. This allows us to

separate the contemporaneous effect of the shock from the lagged effect. Our results for the
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contemporaneous drought shock remain similar. In columns (5)-(8), we introduce controls
for temperature and its square to check if the drought effects remain significant even after
controlling for temperature ﬂuctuationsEg] We measure temperature as the Harmful Degree Days
(HDDs) during the monsoon season defined as the sum of the deviations of daily maximum
temperature above the median of its long-run village-level monthly maximum temperature over
the monsoon period. Our findings on the effects of drought on paid farm and non-farm work
remain unchanged.

Second, the literature lacks consensus on a consistent measure of drought. We, therefore,
consider two alternative measures of a drought shock in Appendix Table Following the
standard agricultural production literature, columns (1)-(4) use a continuous measure of the
shock - negative of the standard deviation of monsoon rainfall from its long-run average. Again,
we find that men are more likely to move to the non-farm sector by 10% for every one standard
deviation increase in the negative rainfall shock. We find no significant effect of the drought
measure on female or male paid farm employment. Our second drought measure in columns
(5)-(8) uses temperature to capture the negative productivity shock. It defines drought as the
Harmful Degree Days (HDDs) of temperature over the monsoon season (without controlling
for drought resulting from low precipitation). Our results using this alternative definition of
drought remain similar, with an additional HDD reducing the paid farm workdays and increasing
non-farm workdays of men equally by 0.3%. We find no significant effect for women either for
the farm or non-farm work. Consequently, paid farm (non-farm) workdays increase (fall) more

for women by 0.3%, relative to men for an additional HDD.

Nationally representative data

The VDSA panel data allow us to obtain the most consistent estimates of drought impacts on
labor allocation across sectors by accounting for individual-level unobserved heterogeneity.
However, the VDSA data are collected for just 30 villages, which raises concerns about sample
selectivity. We, therefore, use the National Sample Survey (NSS), nationally representative
data, which provides employment information for a repeated cross-section of households and
individuals in each round, to validate our main findings. We use recent rounds of data that most
closely overlap with our period of analyses above — 2004-05, 2007-08, 2009-10, and 2011-12.

We restrict the analyses to rural areas and consider individuals aged 15 years and above. Here,

3While, temperature and drought shock may be correlated (0.29, p<0.01), the variation in temperature over half
a decade is not large for our time period of study.
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farm and non-farm workdays are defined as the sum of the number of days spent in farm and
non-farm activities respectively, in the last reference week by an individual We again take an
IHS transformation of workdays to account for zero days of workff] Our drought measure is now
defined at the district level since this is the smallest administrative unit that can be mapped to an
individual in the NSS dataset. The drought indicator takes a value of one when the monsoon
rainfall lies in the bottom two deciles of the long-run average for that district in a given year and
zero otherwise /]

The results from this nationwide analysis, reported in the Appendix Table[3A.8] are consistent
with the findings using the VDSA data and show that farm to non-farm diversification in the event
of a drought is significant only for men. There is a significant reduction in farm workdays due to
drought for both women (12.1%) and men (8.3%), with no significant gender differential. On the
other hand, non-farm workdays increase only for men (9.7%) during a drought. This generates a
significant gender differential, whereby women’s work in the non-farm sector decreases relative
to men’s by 10% due to a drought. Hence, our main findings from the VDSA data continue to

hold using an alternative pan-India dataset.

3.5 Mechanisms

The above results on the effect of drought on employment as well as wages by gender show
that women are less likely to diversify from the farm to the non-farm sector when a negative
productivity shock hits the farm sector. Hence, women are more likely to bear the burden of
staying in risky employment, which is also less productive and hence pays a lower wage rate,
during a drought. What factors explain this gender-differentiated substitution of labor towards
non-farm sector employment in response to the weather shock? We take advantage of the rich
VDSA data to analyse workplace location and migration decisions by gender, as well as the
heterogeneity in our estimates by demographic characteristics that are often determinants of

women’s mobility.

392011-12 is the last available NSS survey round. We do not use the more recent Periodic Labor Force Surveys
(PFLS) which replaced the NSS in 2017 as they do not report the operation codes required to create the farm
and non-farm work classification. Also, the measurement of hours of work is different across the NSS and the
PLFS surveys. The NSS sampling ensures that households are surveyed every quarter in each district to ensure
representativeness over the agricultural year.

40Before undertaking this transformation, we multiply them by 10 to reduce the error as discussed in Section
@We construct our measure of district-level rainfall by taking an average of monthly rainfall over the grids of
IMD data that overlap with the district, weighted by the area of the overlap with each such grid.
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3.5.1 Workplace location and seasonal migration

Seasonal migration can be an important coping mechanism during adverse shocks in the agricul-
ture sector. A reduction in farm incomes can also reduce demand for non-farm work within a
village. In such a scenario, migration to or travelling to nearby locations may become necessary
to find (non-farm) jobs. However, as mentioned previously in Section women are more
likely to be restricted in terms of their mobility and may engage in work closer to their homes
(Table [3.1], Panel D). Consequently, women may be less likely to explore work opportunities
beyond their vicinity even in the event of a negative productivity shock that lowers employment
opportunities within the village.

We test this hypothesis by estimating the impact of drought on workplace location and
migration (unconditional on employment status) using equation (B.6). The results are reported in
Table In columns (1)-(2), the dependent variable takes a value of one if an individual reports
working within the village in a given month in any activity and zero otherwise, while columns
(3)-(4) report results when the dependent variable is ‘Outside village’. The analysis shows no
significant effect of drought on the probability of working within the village for both sexes,
though the sign of the coefficient for women is positive. However, in relative terms, women are
1.4 pp or 35% more likely to work within the village in comparison to men during a drought
(columns (1)-(2)). On the other hand, men are 1.8 pp or 7.2% more likely to work outside the
village relative to women when faced with a drought shock (columns (3)-(4)).

In Table[3.6] columns (5)-(6), we report the results when the dependent variable is an indicator
variable for ‘Migration’ by an individual in a given month, as defined earlier. The probability
of migration during a drought increases by 0.8 pp for men (column (6)) or 6.2% of the mean.
On the other hand, we find a zero likelihood that women work outside the village (column (3))
or migrate (column (5)) in response to drought. The reported effects of drought on the distance
to work for women and men further validate these results@ We find an insignificant change
in distance to work for women (column (7)), while for men the distance to work increases by
19.9% (column (8)) when a drought occurs. Therefore, not only are men more likely to migrate
during a drought but they are also likely to travel a longer distance on average in search of work.

Women’s mobility is, however, constrained

“Information on distance travelled is available conditional on moving out of the village for work. We assign a
value of zero to the distance travelled for those who report working inside the village or who do not work. We then
take the IHS transformation of the distance variable to account for zeroes in the dependent variable.

“3We also find that male migration for work is relatively higher than that of females in villages that experience
greater variability in monsoon rainfall, suggesting a longer-term impact on the structure of the labor market due to
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3.5.2 Social costs

Do social costs emanating from gender norms influence women’s labor mobility and thereby
lead to the observed gender-differentiated labor responses? The gendered norms around home
production responsibility and sexual ‘purity’ are likely to reduce women’s mobility as observed
above and conceptualized in Section Women who have young children and are married are
more likely to be responsible for both domestic chores and care-giving duties towards children
and elderly, relative to other women. Concerns around sexual purity, besides home-production
responsibilities, are often higher for adolescent women of marriageable age or married women
in the reproductive age, relative to older women.

Table columns (1)-(2) report the heterogeneous effect of drought on non-farm workdays
by indicator variables for the young (15-39 year olds), currently married (columns (3)-(4))
and parents to children below the age of 10 years in columns (5)-(6), across gender. Row (A)
reports the effect for the base category (i.e., Z = 0) while row (B) tests for heterogeneity by the
characteristic (£). The row ‘Difference (A)’ reports the gender differential between women and
men for the base category (i.e., Z = 0) while the row named ‘Difference ((A)+(B))’ does so
for the main category (i.e., Z = 1). As expected, we find that social constraints translate into
significantly lower non-farm days for younger women and women with young children, relative
to older women and those without kids, by 14.6% and 21.4% respectively, when faced with a
drought shock (row (B), columns (1) and (5)). We find no significant heterogeneity in female
response by marital status.

Our estimates indicate that younger women, married women and those with kids are unable
to increase their non-farm days when faced with a drought shock, unlike men who belong to
the same groups, as indicated by the significant negative gender differential for each of these
categories (row ‘Difference ((A)+(B))’). Although unmarried women and those without young
children also work fewer days in the non-farm sector relative to men in the same categories, the
negative effect is larger for married women and women having young children. These results
highlight the possible role of norms around women’s home production responsibilities being
higher for those with children and concerns around purity being higher for young women.

We also examine the heterogeneity in the probability of migration due to a drought along these
characteristics in Table The coefficients in row ‘Difference ((A)+(B))’ are all more negative

than those in row ‘Difference (A)’, and statistically significant, showing limited migration by

extreme weather events.
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women, relative to men, in these demographic categories during a drought. This reinforces our
earlier finding that the prevalence of social norms places a disproportionate burden of home
production on women along with concerns around their sexual purity, hindering their mobility
and access to alternative sources of work in the event of farm production shocks.

Our proposed mechanism is further validated by the existing evidence that provision of
employment close to home helps women cope with negative income shocks disproportionately
more than men (Afridi et al.| 2022a). Indeed, we find that the National Rural Employment
Guarantee Scheme (NREGS), a rights-based employment program that provides work within the
village and also mandates 33% of rural works for women helps weather the negative labor market
effects due to droughts on women. VDSA survey records data on the number of workdays spent
by an individual under NREGS each month only for 13 villages out of 30 villages. Appendix
Table 3A.9 shows that NREGS workdays increase insignificantly by 12.7% (column (1)) for
women and by 1.1% for men (column (2)) during a drought, rendering the gender difference
positive but insignificant. These estimates are imprecise given the data constraints in VDSA for
capturing NREGS workdays. Hence, we also use administrative data available from the NREGS
public data portal to examine the role of such public works as employment insurance against
droughts at the Gram Panchayat (GP) levelf_zf] Restricting our analysis to the sample of eight
states of the VDSA data for the period 2011-14, we find that women benefit differentially more
from this scheme by 3.5% (Appendix Table[3A.9).

There are two alternative explanations of women’s limited diversification to the non-farm
sector during droughts — lack of non-farm sector skills and safety concerns. We do not find
evidence in support of either mechanism. In Table [3.9] we report the effect of drought on
workdays by type of non-farm sector jobs in the VDSA data. We find no gender differential
in the skilled non-farm workdays. On the contrary, there is a 10.6% increase in the unskilled
non-farm workdays of men relative to women during a drought (columns (1)-(2)). In Appendix
Table we report the heterogeneous effects of a drought on non-farm workdays using NSS
data (2004-05, 2007-08, 2009-10 and 2011-12) across high versus low women related crime
districts (excluding crimes like domestic violence) classified using National Crime Records

Bureau data for 2004. Clearly, the magnitude of the gender difference in the effect of drought

#For administrative purposes, India is divided into 6862 sub-districts. Each sub-district contains about 30 Gram
Panchayats (GPs) which are the primary unit of local governance. Each GP comprises approximately 4-5 villages.
The data on the annual (April-March) workdays generated for women and men are available at the GP level from
NREGA Public Data Portal| from 2011 onwards. We construct our measure of drought using rainfall at the centroid
of the sub-district. Each GP is then assigned the drought measure of its respective sub-district.
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on non-farm workdays does not vary across the high and low crime districts. In fact, we find
a significant gender difference in the effect of drought on non-farm workdays in both types of
districts (row ‘Difference ((A)+(B))’).

It is theoretically possible that our findings can be explained by differential changes in
demand in the farm/non-farm sector across gender when droughts occur. However, this is
difficult to test since we observe only equilibrium employment outcomes. Additionally, it is
less likely that demand would vary differentially by age, marital status and parenthood, between
women and menﬁ] Overall, the above findings provide plausible evidence that social norms
around home production and sexual purity restrict female mobility, thus constraining their ability

to diversify to the non-farm sector when negative productivity shocks occur in the farm sector.

3.6 Conclusion

Rural households dependent on the farm sector increasingly face the risk of negative productivity
shocks like droughts, especially in rain-fed agriculture systems of developing countries, due
to climate change. We find that the impact of extreme weather events resulting from adverse
climatic changes may not be gender-neutral, especially in developing countries with social norms
that constrain women’s labor mobility. Our results show that women are more likely to face
employment losses as they are unable to cope with these negative effects by diversifying to the
less risky, higher return, non-farm work. Women are less likely to migrate and thus are unable to
benefit from alternative sources of employment. While the observed choices may be optimal for
households, our results show that as climate shocks become more persistent they can exacerbate
existing gender inequities in the labor market and beyond. Thus, gender-neutral shocks can have

gendered impacts.

“Lower bargaining power of women within the household can also constrain their mobility and hence access
to non-farm work outside the village. To the extent that social norms determine the relative bargaining power of
spouses within a household (Jayachandran, [2015)), our findings can be explained by these norms.
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3.7 Figures and Tables

Figure 3.1: Frequency, Duration and Intensity of Droughts in India (1901-2017)
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Source: IMD data (1901-2017)

Note: A drought occurs when the monsoon rainfall in a grid lies in the bottom two deciles of the long-run
distribution (1901-2017). Figure (a) plots the five-year moving average of the Frequency of droughts. Figure
(b) plots the duration as measured by the Length of drought — the average number of drought years in each grid
experienced in the preceding decade. Figure (c) plots the five-year moving average of Intensity of drought — the
standard deviation of monsoon rainfall in a grid from its long-run average during the drought year.
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Table 3.1: Summary Statistics: Individual-month level, by gender

Female Male
Variable Obs  Mean S.D. Obs Mean S.D.
Panel A: Labor market participation per month
Labor force 134721 0.69 0.46 145214 0.92 0.26
Employed 134721 0.68 047 145214 0.92 0.27
Unemployed 134721 0.06 0.24 145214 0.10 0.30
Paid farm 134721 0.18 0.38 145214 0.12 0.33
Family farm 134721 0.36 048 145214 0.50 0.50
Family livestock 134721 0.42 0.49 145214 0.44 0.50
Non-farm 134721 0.12 0.33 145214 0.47 0.50
Panel B: Workdays per month
Labor force days 134721  12.82 13.15 145214 22.65 13.85
Employed days 134721  12.23 12.65 145214 21.65 13.36
Unemployed days 134721 0.58 3.08 145214 1.00 3.98
Paid farm days 134721 2.39 5.77 145214 1.74 5.27
Family farm days 134721 245 441 145214 4.40 6.35
Family livestock days 134721 4.88 9.12 145214 5.26 9.19
Non-farm days 134721 2.51 7.33 145214 10.26 12.11
Unskilled 134721 0.41 3.06 145214 2.54 7.08
Skilled 134721 0.63 377 145214 2.82 7.65
Business/Salaried 134721 1.23 5.45 145214 4.67 10.10
Panel C: Real wage earnings per month (Rs.)
Paid farm earnings 134721  37.10 98.16 145214 41.89 182.24
Non-farm earnings 134721 5646  263.89 145214 448.76 1012.95
Paid farm earnings (Conditional) 23692 21095 134.61 17712 34337  410.80
Non-farm earnings (Conditional) 16692 447.03 601.96 67554 956.24 1304.41
Farm wage rates 23692 15.56 634 17712 23.34 16.96
Non-farm wage rates 16692  21.14 2341 67554 43.41 76.68
Panel D: Workplace in a month
Within village 134721 0.25 043 145214 0.29 0.45
Outside Village 134721 0.04 0.20 145214 0.29 0.46
Migration 134721 0.02 0.12 145214 0.13 0.33
Distance to work (kms.) 134721  77.10 1170.99 145214 2179.13 9156.47

Distance to work excluding migrants (kms.) 132649 5.63 135.89 126736 105.49 1351.05

Panel E: Non-farm workdays by demographic groups

Young 76652 2.60 747 83376 12.14 12.39
Older 58069 2.40 7.13 61838 7.73 11.24
Married 102630 2.48 720 101175 10.42 12.03
Unmarried 32091 2.63 7.72 44039 9.87 12.30
Parent 36431 2.19 6.69 36237 1291 12.07
Non-Parent 98290 2.63 7.55 108977 9.38 12.00

Source: VDSA micro level data.

Note: Earnings and wage rates are deflated using the Consumer Price Index for Agricultural laborers (CPIAL) and

show values as of the base year 1986-87 of the index.
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Table 3.2: Effect of Drought on Labor Market Outcomes

Labor Force Employed Unemployed

Female Male Female Male Female Male
() 2 3) “4) )] (6)

Panel A: Extensive Margin (Participation)

Drought 0.006 0.006% -0.012* 0005 0.016* -0.016
(0.007) (0.003)  (0.006) (0.003) (0.008) (0.010)
Difference 0.012%% ~0.017%%* 0.032%#
(0.006) (0.005) (0.009)

Observations 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.654 0.569 0.651 0.560 0.295 0.348
Mean Y 0.69 0.92 0.68 0.92 0.06 0.1

Panel B: Intensive Margin (Workdays)

Drought 0.081 0026 -0.153% 0036  0.144* -0.150%
0.082) (0.047) (0.073)  (0.048) (0.079) (0.089)
Difference -0.107* -0.190%#* 0.204%5
(0.059) (0.055) (0.082)

Observations 134,709 145,202 134,709 145,202 134,709 145,202

R-squared 0.679 0.642 0.675 0.628 0.330 0.369
Individual FE v v v v v v
Season FE v v v v v v
Year FE v ve v v v v
Other controls v v v v v v

Source: VDSA micro level data.

Note: In Panel A, the dependent variables are indicator variables for the labor force, employed and unemployed
status of an individual in a given month in columns (1)-(2), (3)-(4) and (5)-(6), respectively. In the corresponding
columns in Panel B, the dependent variables are an IHS transformation of the labor force, employed and unemployed
days of an individual in a given month, respectively. Table [3A.2]shows the definition of the variables. In each panel,
the first row reports the regression coefficients for drought while the second row (‘Difference’) reports the difference
between the female and male coefficients for drought. ‘Mean Y’ denotes the mean value of the dependent variable
in Panel A. All specifications control for individual, season, year fixed effects and other controls. Other controls
include individual time-varying characteristics (marital status), household time-varying characteristics (number of
working-age men and women, number of children, average education level of the household (for members aged
15 and above), distance from the nearest market, the interaction of assets and wealth in the first year of the survey
with annual trends) and village time-varying indicator variable for upper two deciles of monsoon rainfall. Standard
errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.3: Effect of Drought on Employment, by Type of Work

Farm Livestock Non-farm
Total Paid Family Family
Female Male Female Male Female Male Female Male Female Male
(1 2 (3) C)] ) 6) @) (3) © (10)
Panel A: Extensive Margin (Participation)
Drought -0.009  -0.003 0.005 -0.016*%**  -0.011 -0.002 -0.016* 0.003 0.003  0.021%%*%*
(0.010) (0.008) (0.005) (0.006) (0.010)  (0.008) (0.009) (0.009) (0.006)  (0.005)
Difference -0.005 0.021%%%* -0.009 -0.019%* -0.018%***
(0.008) (0.007) (0.008) (0.009) (0.007)
Observations 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.603 0.582 0.611 0.519 0.596 0.598 0.681 0.669 0.612 0.690
Mean Y 0.45 0.54 0.18 0.12 0.36 0.5 0.42 0.44 0.12 0.47
Panel B: Intensive Margin (Workdays)
Drought -0.052  -0.068 0.016 -0.137#*%  -0.053  -0.039 -0.210%**  -0.020 0.024  0.225%%*
(0.092) (0.079) (0.051) (0.058) (0.086) (0.073) (0.080) (0.074) (0.066)  (0.061)
Difference 0.016 0.153** -0.015 -0.189%%* -0.201%**
(0.076) (0.065) (0.077) (0.085) (0.071)
Observations 134,709 145,202 134,709 145,202 134,709 145202 134,709 145,202 134,709 145,202
R-squared 0.615 0.613 0.623 0.527 0.605 0.632 0.678 0.687 0.629 0.704
Individual FE v v v v v v v v v v
Season FE v v v v v v v v v v
Year FE v v v v v v v v v v
Other controls v v v v v v v v v v

Source: VDSA micro level data.

Note: In Panel A, the dependent variables in columns (1)-(2), (3)-(4), (5)-(6), (7)-(8) and (9)-(10) are indicator
variables for employment in farm, paid farm, family farm, family livestock and non-farm, respectively. In the
corresponding columns in Panel B, the dependent variables are an IHS transformation of workdays spent in farm,
paid farm, family farm, family livestock and non-farm, respectively. The dependent variable in column (1)-(2) of
Panel A (‘Total Farm’) is an indicator variable that equals one when an individual works either in the paid farm or
family farm work in a given month. Similarly, in Panel B it corresponds to an IHS transformation of the sum of
workdays spent in paid farm and family farm work. Other dependent variables are defined in Table[3A.2] In each
panel, the first row reports the regression coefficients for drought while the second row (‘Difference’) reports the
difference between the female and male coefficients for drought. ‘Mean Y’ denotes the mean value of the dependent
variable in Panel A. All specifications control for individual, season, year fixed effects and other controls. Other
controls include individual time-varying characteristics (marital status), household time-varying characteristics
(number of working-age men and women, number of children, average education level of the household (for
members aged 15 and above), distance from the nearest market, the interaction of assets and wealth in the first year
of the survey with annual trends) and village level time-varying indicator variable for upper two deciles of monsoon
rainfall. Standard errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, *
p<0.1).
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Table 3.4: Effect of Drought on Real Wage Earnings

Monthly Earnings Monthly Earnings (Conditional) Daily Wage Rate
Paid Farm Non-farm Paid Farm Non-farm Paid Farm Non-farm
Female Male Female Male Female Male Female Male Female Male Female Male
(D 2 3 4 (5) (6) (7 3 © (10) (11) (12)

Drought 0.005  -0.185***  -0.010 0.175%* -0.381**%* -0.034 -0.100 -0.090** -0.114%*** 0.036 -0.073 -0.081%***

(0.056) (0.064) (0.072)  (0.075) (0.079)  (0.106) (0.092) (0.040) (0.037)  (0.059) (0.048) (0.029)
Difference 0.189%: -0.186%* -0.3474% -0.010 -0.151%%* 0.008

(0.073) (0.085) (0.119) (0.083) (0.065) (0.051)

Observations 134,709 145,202 134,709 145,202 23,647 17,627 16,645 67,809 23,647 17,627 16,645 67,809

R-squared 0.622 0.526 0.642 0.723 0.425 0498  0.725 0.728 0.619 0.628  0.777 0.781
Individual FE v N v v v v v v v v v v
Season FE v v v v v v v v v v v v
Year FE v v v v v v v v v v v v
Other controls v v v v v v v v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the monthly earnings from paid activities, monthly earnings (conditional on working in a given sector) and average
daily wage rates of an individual in a given sector of work (paid farm or non-farm) in a given month in columns (1)-(4), (5)-(8) and (9)-(12), respectively. Table 3A.2|shows the
definition of the variables. The first row reports the regression coefficients for drought while the second row (‘Difference’) reports the difference between the female and male
coefficients for drought. All specifications control for individual, season, year fixed effects and other controls. Other controls include individual time-varying characteristics
(marital status), household time-varying characteristics (number of working-age men and women, number of children, average education level of the household (for members aged
15 and above), distance from the nearest market, the interaction of assets and wealth in the first year of the survey with annual trends) and village level time-varying indicator
variable for upper two deciles of monsoon rainfall. In columns (5)-(6), we only include the interaction of wealth in the first year of the survey with annual trends and drop the

interaction with assets because of singularity of the variance matrix. Standard errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.5: Effect of Drought on Workdays: Robustness

Employed Farm Livestock Non-farm
Paid Family Family
Female Male Female Male Female Male Female Male Female Male
(1) 2) 3 4 (5) 6 (7 ®) ) (10)
Panel A: Balanced Sample
Drought -0.200%*  -0.004  -0.015 -0.155** -0.035  -0.029 -0.257*** -0.053 0.029  0.178***
(0.084)  (0.047) (0.056) (0.070) (0.094) (0.072) (0.096)  (0.085) (0.077)  (0.061)
Difference -0.196%%#%* 0.140* -0.007 -0.205%%* -0.149%*
(0.066) (0.075) (0.080) (0.097) (0.078)

Observations 97,025 109,295 97,025 109,295 97,025 109,295 97,025 109,295 97,025 109,295
R-squared 0.644 0.525 0.627 0.522 0.603 0.636 0.669 0.693 0.627 0.700

Panel B: Unconditional Sample

Drought 20.107 0028 0020 -0.141%* 0038 -0.053 -0.170**  -0.033  0.033 0.234%**
0.076)  (0.053) (0.050) (0.056) (0.083) (0.073)  (0.080)  (0.075) (0.064)  (0.057)
Difference -0.135%+ 0.160%* 0.015 -0.137 0202+
(0.059) (0.063) (0.075) (0.089) (0.065)

Observations 140,184 151,608 140,184 151,608 140,184 151,608 140,184 151,608 140,184 151,608
R-squared 0.652 0.592 0.615 0.520 0.601 0.627 0.662 0.670 0.607 0.683

Panel C: Village-specific annual trends

Drought -0.129*  0.021 -0.017 -0.067 -0.056  -0.005 -0.123*  -0.107*  0.002  0.136**
(0.074)  (0.038) (0.046) (0.048) (0.081) (0.077)  (0.070)  (0.056) (0.057)  (0.054)
Difference -0.149%3#:% 0.051 -0.051 -0.015 -0.134%%*
(0.056) (0.065) (0.051) (0.062) (0.064)

Observations 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202

R-squared 0.680 0.633 0.628 0.533 0.615 0.639 0.685 0.696 0.632 0.708
Individual FE v v v v v v v v v v
Season FE v v v v v v v v v v
Year FE v v v v v v v v v v
Other controls v v v v v v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of workdays spent in overall employment, paid farm,
family farm, livestock and non-farm work by an individual in a given month in columns (1)-(2), (3)-(4), (5)-(6),
(7)-(8), and (9)-(10), respectively. Table[3A.2) defines all the outcome variables. Panel A reports the results for
the balanced sample of individuals, Panel B reports the results for the sample of all individuals aged 15 and
above who were recorded in the annual household survey at the beginning of the year unconditional on being
observed in a given month and Panel C reports the results with village-specific annual trends. In each panel, the
first row reports the regression coefficients for drought while the second row (‘Difference’) reports the difference
between the female and male coefficients for drought. All specifications control for individual, season, year fixed
effects and other controls. Other controls include individual time-varying characteristics (marital status), household
time-varying characteristics (number of working-age men and women, number of children, average education level
of the household (for members aged 15 and above), distance from the nearest market, the interaction of assets and
wealth in the first year of the survey with annual trends) and village level time-varying indicator variable for upper
two deciles of monsoon rainfall. Panel C, in addition to the above controls, allows for village-specific annual trends.
Standard errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.6: Effect of Drought on Place of Work

Within Village Outside Village Migration Distance to Work
Female Male Female Male Female Male Female Male
(D ) 3) 4 ) (6) (7 (8)
Drought 0.004 -0.010 -0.000 0.017***  0.001 0.008** -0.012 0.199%*:*
(0.006) (0.006) (0.003) (0.006) (0.001) (0.003) (0.028) (0.074)
Difference 0.014%* -0.018*:*:* -0.007** -0.21 1 %%
(0.007) (0.006) (0.003) (0.071)
Observations 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.659 0.603 0.588 0.675 0.643 0.721 0.606 0.701
Mean Y 0.25 0.29 0.04 0.29 0.02 0.13 77.10 2179.13
Individual FE v v v v v v v v
Season FE v ve v v v v v v
Year FE Ve Ve v v v v v v
Other controls v Ve v v v v v v

Source: VDSA micro level data.

Note: The dependent variables take a value of one for an individual in a given month if the individual spends at
least one day engaged in work within the village, work outside the village and work related seasonal migration in
that month, in columns (1)-(2), (3)-(4) and (5)-(6), respectively. In columns (7)-(8), the dependent variable is an
IHS transformation of the distance (km.) to the workplace for an individual in a given month - defined as the sum of
the distance for all work days in a month with zero distance given to work within village and no work. The first row
reports the regression coefficients for drought while the second row (‘Difference’) reports the difference between
the female and male coefficients for drought. ‘Mean Y’ denotes the mean value of the dependent variable. All
specifications control for individual, season, year fixed effects and other controls. Other controls include individual
time-varying characteristics (marital status), household time-varying characteristics (number of working-age men
and women, number of children, average education level of the household (for members aged 15 and above),
distance from the nearest market, the interaction of assets and wealth in the first year of the survey with annual
trends) and village level time-varying indicator variable for upper two deciles of monsoon rainfall. Standard errors
clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.7: Heterogeneous Effect of Drought on Non-farm Workdays

Characteristic (£): Young Married Parent
Female Male Female Male Female Male
9] (2) (3) (4) (5) (6)
(A) Drought 0.108  0.218***  -0.009 0.175 0.080  0.229%*%*
(0.070) (0.059) (0.081) (0.116) (0.070) (0.065)
(B) Z x Drought -0.146%** 0.014 0.043 0.070  -0.214**  -0.020

(0.059)  (0.088) (0.079) (0.120) (0.085)  (0.107)

Difference (A) -0.109 -0.184 -0.149

[0.14] [0.07] [0.04]
Difference ((A)+(B)) -0.27 -0.212 -0.343

[0] [0.02] [0.01]

Observations 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.629 0.704 0.629 0.704 0.629 0.704
Individual FE v v v v v v
Season FE v v v v v v
Year FE v v v v v v
Other controls v v v v v v

Source: VDSA micro level data.

Note: The dependent variable is an IHS transformation of workdays spent in non-farm work by an individual in
a given month.Young is an indicator variable for individuals in the 15-39 age category in a given year; Married
indicates individuals who report marital status as currently married in a given year; Parent indicates individuals with
children below 10 years of age in a given year. For our main categories (Z = 1), these characteristics equal one
and zero for the base categories (Z = 0). The first row (A) reports the regression coefficients for drought for the
base categories while the second row named (B) reports the heterogeneity in the effect by the characteristics. The
third row (Difference (A)) reports the gender differential for the base category while the fourth row (Difference
(A)+(B)) reports it for the main category. All specifications control for individual, season, year fixed effects and
other controls. Other controls include individual time-varying characteristics (marital status), household time-
varying characteristics (number of working-age men and women, number of children, average education level of
the household (for members aged 15 and above), distance from the nearest market, the interaction of assets and
wealth in the first year of the survey with annual trends) and village level time-varying indicator variable for upper
two deciles of monsoon rainfall. Standard errors clustered at village-season level are reported in parentheses and
p-values are reported in square brackets (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.8: Heterogeneous Effect of Drought on Migration

Characteristic (2): Young Married Parent
Female Male Female Male Female Male
(D (2) (3) ) ) (6)
(A) Drought 0.000 0.005* 0.001 -0.000 0.001 0.004
(0.001) (0.003) (0.002) (0.007) (0.001) (0.004)
(B) Z x Drought 0.001 0.005 -0.001 0.011 -0.002  0.018%*=*
(0.002) (0.006) (0.002) (0.009) (0.003) (0.008)
Difference (A) -0.005 0.002 -0.002
[0.09] [0.83] [0.49]
Difference ((A)+(B)) -0.009 -0.011 -0.023
[0.09] [0.01] [0]
Observations 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.643 0.721 0.643 0.721 0.643 0.721
Mean Y (Z=0) 0.01 0.05 0.02 0.17 0.01 0.12
Mean Y (Z=1) 0.02 0.18 0.01 0.11 0.02 0.15
Individual FE v v v v v v
Season FE v v v v v v
Year FE v v v v v v
Other controls v v v v v v

Source: VDSA micro level data.

Note: The dependent variable takes a value of one for an individual who spends one or more days engaged in
seasonal migration for work in that month and zero otherwise.Young is an indicator variable for individuals in the
15-39 age category in a given year; Married indicates individuals who report marital status as currently married in a
given year; Parent indicates individuals with children below 10 years of age in a given year. For our main categories
(Z = 1), these characteristics equal one and zero for the base categories (Z = 0). The first row (A) reports the
regression coefficients for drought for the base categories while the second row named (B) reports the heterogeneity
in the effect by the characteristics. The third row (Difference (A)) reports the gender differential for the base category
while the fourth row (Difference (A)+(B)) reports it for the main category. ‘Mean Y (Z=0)" and ‘Mean Y (Z=1)’
denote the mean values of the dependent variable for the base and the main category, respectively. All specifications
control for individual, season, year fixed effects and other controls. Other controls include individual time-varying
characteristics (marital status), household time-varying characteristics (number of working-age men and women,
number of children, average education level of the household (for members aged 15 and above), distance from the
nearest market, the interaction of assets and wealth in the first year of the survey with annual trends) and village level
time-varying indicator variable for upper two deciles of monsoon rainfall. Standard errors clustered at village-season
level are reported in parentheses and p-values are reported in square brackets (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3.9: Effect of Drought on Non-farm Workdays: Skilled vs Unskilled

Unskilled Skilled Business/Salaried
Female Male Female Male Female Male
(D (2) 3) “4) ) (6)
Drought 0.002  0.106*%*  0.029 0.061 -0.038 0.039
(0.017) (0.047) (0.030) (0.044) (0.040) (0.036)
Difference -0.104** -0.032 -0.078
(0.044) (0.050) (0.048)
Observations 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.448 0.585 0.558 0.644 0.654 0.711
Individual FE ve v v v v v
Season FE ve v v v e v
Year FE v v v v v v
Other controls ve v v v ve v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of workdays spent in different types of non-farm work.
Column (1)-(2) report the results for unskilled workdays, column (3)-(4) report the results for skilled workdays and
column (5)-(6) report the results for business/salaried workdays. The first row reports the regression coefficients
for drought while the second row (‘Difference’) reports the difference between the female and male coefficients
for drought. All specifications control for individual, season, year fixed effects and other controls. Other controls
include individual time-varying characteristics (marital status), household time-varying characteristics (number of
working-age men and women, number of children, average education level of the household (for members aged 15
and above), distance from the nearest market, the interaction of assets and wealth in the first year of the survey with
annual trends) and village level time-varying indicator variable for upper two deciles of monsoon rainfall. Standard

errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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3.A Appendices

3.A.A Conceptual Framework (Proof)
The profit maximizing equilibrium labor demand with the farm production function as specified

in Eq. is given by:
0B — OeB°
L, = (—6) /e (3A.7)
Wq
The utility maximization exercise in Section [3.2] gives the following first order conditions for

interior solutions:

Uy — ¥ =0 (3A.8)

Uy, —p¥ =0 (3A.9)

w, — Yw, =0 (3A.10)
w, — v, — Yw, =0 (BA.11)

Total differentiation of equations (3A.8)) through (3A.11)) and (B.2) yields:

Uyp U2 U3 U13 —1 de, 0

Uiz U2  U2g U23 -Pp dc,, dpy)

Uiz U3 Uss u3z3 —Wq —dl, | = dw,y

U1z Ugz U3z U3z — Vi1 —Wy, —dl, dw, ¥

-1 —p —w, —wWy, 0 dv dpc, — dw,l, — dw,l,

(3A.12)
Solving the above systems of equations (using Cramer’s rule) we obtain the following labor

supply responses of women and men to a drought shock (D) for farm (a) and non-farm (n) work:

dly;  (dl dw, R+ S duw,
_ _ - Al
dD <dwa)x(dD) (H+Z)X( dD) (GA13)
o (o, dw,\ (R duw,
dD _(dwa>x(dD)_ <E)X( dD) (OA.19)
dlyy  (dly dw,\ (7 dw,
dD (dwa) . (dD) - (H+Z) % ( dD) (3A.15)

dlpm dlym dw, J dw,

= = | = — Al
dD (dwa)x(dD) (H)X< dD) (3A.16)
Under the assumption that a drought is a negative productivity shock in the agricultural sector

ie., (—%) > 0, the sign of the above derivatives i.e., response of the labor supply to drought,

98



The Gendered Effects of Droughts

will depend on the terms in the first set of parentheses. These terms are a collection of double

derivatives and their expressions are given below:

J = wy (I (—uirusaugs + triues” + uin uss — 2uitistisg + Uz uss)
+ Y (—puriugg + puigtyz + Uialag — Urzliag))
+ wo (Y(—puriuas + purausz + wy(Uriuse — w12?) + wiatiay — urzUas)
— Li(—ur1usougs + uritos® + ui2’uss — 2u1aui3tiog + U1z uss))
+ ¥ (ugs(p*uar — 2pura + ) — (u2z — pusz)?)
H = (wg — w,)* (w11 (u2s® — ussuss) + win*uss — 2uiotiztas + i3 uss)
Z = vi1(uss(p’uar — 2puss + uge) + 2we (—pusiiag + puisting + trauos — Uisuze) (3A1T)
— (u23 — pun3)® + wj (uriugs — u12”))
R =11 (w, — wy,)(—ui1Usouugs + Unitas” + ui2 ugs — 2uiUitios + Uiz ugs)
+ (—uss(p’urr — 2puiz + ugz) + 2w, (Puiitos — puiatiy — UraUss + Urzusz)
+ (ug3 — pusz)® + w2 (u12® — uprug))
S = v (li(—purrugs + puigunz + wa (Uit — U122) + U123 — U13Un2)
+ Y (pPurr — 2purg + ugs))
Using equation (3A.16), the conditions under which men diversify to the non-farm sector due to
a drought are as follows:

Al H>0

H,J<0

Using equations (3A.13) and (3A.16), the conditions for a negative gender differential in non-
farm employment due to a drought i.e., women diversify less to the non-farm sector relative to

men due to a drought, are given by:

dlug  dlym H>00<7
— <
dD  dD —

H<0,J<0,|H| < ZorZ <0

And the converse holds otherwise.
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3.A.B Additional Analyses, Tables and Figures

Figure 3A.1: Sampled Villages

-!

Western Himalayas
Western Plain, Kachchh, and part of Kathiwara Peninsula

Deccan Plateau

Northern Plain and Central Highlands including Aravallis

Central Malwa Highlands, Gujarat Plaing, and Kathiawar Peninsula
Deccan Plateau, hot semi-arid ecoregion

Deccan (Telengana) Plateau and Eastern Ghats

Eastern Ghats, Tamil Madu Plateau and Deccan (Kamataka)
Northern Plain, hot sub-humid (dry) ecoregion

B 10 Central Highlands (Malwas, Budelkhand, and Eastern Satpura)
Bl 11 Eastern Plateau (Chattisgarh), hot sub-humid ecoregion
12 Eastern (Chotanagpur) Plateau and Eastern Ghats
13 Eastern Plain
14 western Himalayas
15 Bengal and Assam plains
B 16 Eastern Himalayas
M 1 7 North Eastern Hills (Purvanchal)
. Bl 18 Eastern Coastal Plain

e 18 western Ghats and Coastal Plain

® Wl 20 island of Andaman Nicobar and Lakshadweep

Source: VDSA (http://vdsa.icrisat.ac.in/vdsa-map/vdsa—-location-map.html).
Note: The black dots mark the 30 villages in the VDSA data. The colors represent different agro-ecological zones
as classified by the National Bureau of Soil Survey & Land Use Planning (NBSS & LUP).
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Table 3A.1: Summary Statistics

Variable Obs Mean S.D. Definition

Panel A: Individual Characteristics

Age 5931 35.05 17.11 years

Education 5930  7.43 4.94 years of education completed

Female 5931  0.49 0.50 =1 if female, O otherwise

Married 5931  0.65 0.48 =1 if currently married, O otherwise
Parent 5931  0.25 0.43 =1 if parent of child below the age of

10 years, 0 otherwise

Panel B: Household Characteristics

Children 1367 1.56 1.52 number of children <15 years of age

Working-age women 1367 1.72 0.99 number of women in 15-65 age group

Working-age men 1367 1.88 1.12 number of men in 15-65 age group

Average education 1367  5.25 3.31 mean years of education (members
>14 years)

Market distance 1367 11.70 7.07 distance from nearest market town
(kms.)

Wealth 1367 11641.87 28109.10 value of durable assets (Rs.)

Asset index 1367  -0.20 0.87 PCA of assets

Panel C: Village Characteristics

Current rainfall 30 776.68 283.32 monsoon rainfall (mm) (2010-14)
Historical rainfall 30 812.64 309.64 monsoon rainfall (mm) (1970-2014)
Drought 30 0.26 0.23 bottom two deciles of the long-run av-
erage monsoon rainfall (2010-14)
Flood 30 0.17 0.17 top two deciles of the long-run average

monsoon rainfall (2010-14)

Source: VDSA micro level data.

Note: The variables in Panel A and Panel B are at the individual and household level, respectively. The values for
wealth and assets index are constructed using data reported by households in the first year it was surveyed. Wealth
includes the sum of values of all durable assets owned by the household. The asset index is constructed using the
principal components analysis (PCA) on the households’ ownership of different assets (bathroom, cooking gas,
drinking-water well, electricity, residential house, tap water connection and toilet). Panel C is unique at village level.
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Table 3A.2: Summary Statistics (Individual-month level)

Variable N Mean S.D. Definition

Panel A: Labor market participation per month (Extensive margin)

Labor force 279935 0.81 0.39 =1 if employed or sought work, 0 otherwise

Employed 279935 0.80 0.40 =1 if worked for a positive number of days, 0
otherwise

Unemployed 279935 0.08 0.27 =1 if sought work for a positive number of days,
0 otherwise

Paid farm 279935 0.15 0.36 =1 if worked for a positive number of days in
paid farm work, O otherwise

Family farm 279935 0.43 0.49 =1 if worked for a positive number of days in
family farm work, O otherwise

Family livestock 279935 0.43 0.50 =1 if worked for a positive number of days on
family livestock, O otherwise

Non-farm 279935 0.30 0.46 =1 if worked for a positive number of days in

non-farm work, 0 otherwise

Panel B: Workdays per month (Intensive margin)

Labor force days 279935 17.92 14.38 number of days worked or seeking work
Employed days 279935 17.12 13.85 number of days worked (farm plus non-farm)
Unemployed days 279935 0.80 3.58 number of days spent seeking work

Paid farm days 279935 2.05 5.52 number of days worked in paid farm

Family farm days 279935 3.46 5.59 number of days worked in family farm
Family livestock days 279935 5.08 9.16 number of days worked on family livestock
Non-farm days 279935 6.53 10.81 number of days worked in non-farm

Panel C: Real wage earnings per month (Rs.)

Paid farm earnings 279935 39.58 147.89 real earnings from paid farm work, O if unem-
ployed or not working in paid farm

Non-farm earnings 279935 259.96 777.30 real earnings from non-farm work, O if unem-
ployed or not working in non-farm

Paid-farm earn- 41401 267.60 297.71 real earnings from farm work if working in paid

ings(Conditional) farm work in that month, missing otherwise

Non-farm earn- 84215 855.71 1215.81  real earnings from non-farm work if working in

ings(Conditional) non-farm work in that month, missing otherwise

Farm wage rate 41401 19.32 12.84 earnings per work day in paid farm in a month

Non-farm wage rate 84215 39.01 70.04 earnings per work day in non-farm in a month

Source: VDSA micro level data.

Note: The sample includes all individuals aged 15 and above in the years 2010-2014. The first column reports the
outcome variables used in the analyses for employment and earnings and the last column reports their definitions.
Panel A and B show the summary statistics for the full sample for all individuals at a monthly frequency for
2010-2014. In Panel C, the first two rows use the full sample while the following rows show the summary statistics
conditional on working in the sector (resulting in the observations being smaller for these rows). Earnings and wage
rates are deflated using Consumer Price Index for Agricultural laborers (CPIAL) with the base year 1986-87.
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Validity of Drought Measure:

We confirm that our measure of drought accurately captures the scarcity of water resulting from
low rainfall in Table 3A.3|below. The farm productivity is negatively affected as indicated by
the 56.1% (column (1)) fall in production and 33.2% (column (2)) reduction in yield of rice in a
drought year. The average farm revenue of a household falls by 27.7% (column (3)), although
imprecise, while profits fall significantly by 49.5% due to drought (column (4)).

Additionally, Table 3A.4]reports a reduction in the total labor use on-farm by 24% (column
(1)). Since the preparation of land is the first operation to be performed at the start of the
agriculture season, tasks included in land preparation are completed even before the onset of
the monsoon. Hence, labor use in upstream tasks of preparation of land and sowing is likely
to be affected less by a drought shock than downstream labor-intensive tasks like weeding and
harvesting. Indeed, we find no significant effect of our measure of drought on labor use in land
preparation and sowing (columns (2) and (3)), though the sign is negative and the magnitude is
around 4-5%. The requirement for weeding and harvesting labor falls during a drought by 84.2%
(column (4)) and 50.3% (column (5)), respectively, as yields plummet and additionally, weed
growth gets stunted due to low rainfall. We find similar results when we consider per-acre labor

usage hours as the dependent variable.
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Table 3A.3: Effect of Drought on Farm Output and Productivity

Rice All Crops
Output Yield  Revenue Profit
(1) (2) 3) “4)
Drought -0.561**  -0.332*%  -0.277  -0.495%%*

(0.256)  (0.181)  (0.191) (0.171)

Observations 114 114 11,606 11,606
R-squared 0.865 0.720 0.383 0.438
Mean Y 35067.19 4133.66 8404.209 -12540.13
Village FE v v

Year FE v v v v
Household FE v v
Season FE v v
Other controls v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the village-level output and yield of rice in columns
(1) and (2) and household-level revenue and profit in columns (3) and (4), respectively. The coefficient on drought
can thus be interpreted as the percentage change in the dependent variable. *Output’ is the total production of rice
by all households in a village during the Kharif season in a year. ‘Yield’ is the rice output divided by the total
area cultivated under rice in that village in a year. Therefore, columns (1)-(2) are unique at the village-season-year
level and restrict to the Kharif season only as rice is primarily a Kharif crop. ‘Revenue’ is the total production
value of the crops harvested by a cultivating household in a given agricultural season and year. It is obtained by
multiplying the price of each crop cultivated by the total production of that crop by the household. ‘Profit’ is the
difference between revenue and cost of inputs including hired labor, but not family labor, in a given agricultural
season and year. Both these dependent variables are in real terms (deflated with CPIAL with base as 1986-87) and
defined at the household-season-year level. ‘Mean Y’ denotes the mean value of the dependent variable (without
IHS transformation). The specifications in columns (1) and (2) control for village and year fixed effects while that
in columns (3) and (4) controls for household, season, year fixed effects and other controls. Other controls include
household time-varying characteristics (number of working-age men and women, number of children, average
education level of the household (for members aged 15 and above), distance from the nearest market, the interaction
of assets and wealth in the first year of the survey with annual trends) and village time-varying indicator variable for
upper two deciles of monsoon rainfall. Standard errors clustered at village-season level are reported in parentheses
(*** p<0.01, ** p<0.05, * p<0.1).
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Table 3A.4: Effect of Drought on Hours of Farm Labor Use by Operation

Total Preparation Sowing Weeding Harvesting
(1 2) 3) 4) ®)
Drought -0.240%** -0.050 -0.043  -0.842%**  -0.503*

(0.082) (0.156) (0.177)  (0.305) (0.284)

Observations 8,657 8,657 8,657 8,657 8,657
R-squared 0.569 0.484 0.559 0.519 0.380
Mean Y 655.1 5091 26.08 107.4 219.34
Household FE v v v v v
Season FE v v v v v
Year FE v v v v v
Other controls v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the hours of farm labor usage by a cultivating household
in a given season and year. Column (1) reports the effect of drought on total labor use while columns (2)-(5) report
it by operation for preparation of land, sowing, weeding and harvesting, respectively. The coefficient on drought can
thus be interpreted as the percentage change in the dependent variable. ‘Mean Y’ denotes the mean value of the
dependent variable (without IHS transformation). All specifications control for household, season, year fixed effects
and other controls. Other controls include household time-varying characteristics (number of working-age men and
women, number of children, average education level of the household (for members aged 15 and above), distance
from the nearest market, the interaction of assets and wealth in the first year of the survey with annual trends)
and village time-varying indicator variable for upper two deciles of monsoon rainfall. Standard errors clustered at
village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

Effect of Drought on Intensive Margin of Work: Table shows the results for total hours
worked in a month as the dependent variable in equation (B.6)), for only paid farm and non-farm
work. Similar to the results for extensive margin and workdays, we find that women’s hours,
relative to men’s, in paid farm increase by 13.1% (columns (3)-(4)) but contract in non-farm by

18.7% (columns (5)-(6)).
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Table 3A.5: Effect of Drought on Hours of Work

Paid Farm + Non-farm Paid Farm Non-farm
Female Male Female Male Female Male
(D () (3) “4) ) (6)

Drought 0.004 0.084 0.017 -0.113**  (0.012  0.198%***

(0.064) (0.074) (0.049) (0.055) (0.058) (0.061)
Difference -0.080 0.131** -0.187***

(0.071) (0.061) (0.068)

Observations 134,709 145,202 134,709 145,202 134,709 145,202
R-squared 0.692 0.705 0.623 0.523 0.626 0.708
Mean Y 32.75 93.27 17.53 13.01 15.23 80.26
Individual FE v v v v v ve
Season FE v v v v v v
Year FE v v v v v ve
Other controls v v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the hours of work spent in total paid (paid farm+non-
farm) activities, paid farm activities and non-farm activities by an individual in a given month in columns (1)-(2),
(3)-(4) and (5)-(6), respectively. The first row reports the regression coefficients for drought while the second row
(‘Difference’) reports the difference between the female and male coefficients for drought. ‘Mean’ denotes the
mean value of dependent variable (without IHS transformation). All specifications control for individual, season,
year fixed effects and other controls. Other controls include individual time-varying characteristics (marital status),
household time-varying characteristics (number of working-age men and women, number of children, average
education level of the household (for members aged 15 and above), distance from the nearest market, the interaction
of assets and wealth in the first year of the survey with annual trends) and village level time-varying indicator
variable for upper two deciles of monsoon rainfall. Standard errors clustered at village-season level are reported in

parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3A.6: Effect of Drought on Workdays: Robustness (Additional Specifications)

Lagged shocks Temperature and its square
Paid Farm Non-farm Paid Farm Non-farm
Female Male Female Male Female Male Female Male
ey 2) 3) C)) ) (6) (N ®)
Drought 0.011  -0.179*%**  0.048  0.211*** 0.006  -0.139*  -0.006 0.230%**

(0.058)  (0.066)  (0.081) (0.073) (0.066) (0.076) (0.088)  (0.071)
Lag Drought 0.100 0.011 -0.008  -0.141%*
(0.064)  (0.066)  (0.053) (0.079)

Temp 0.002 0.006 0.005 -0.005
(0.003) (0.004) (0.004) (0.003)
Temp? -0.000  -0.000**  -0.000 0.000*

(0.000)  (0.000) (0.000)  (0.000)

Difference 0.190%** -0.163* 0.145% -0.237%%*
(0.069) (0.093) (0.078) (0.082)

Observations 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202

R-squared 0.624 0.527 0.629 0.704 0.623 0.527 0.629 0.704
Individual FE v v ve v v v v v
Season FE ve v v v v v v v
Year FE v ve v v v v v v
Other controls ve v v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the paid farm and non-farm workdays of an individual
in a given month. All the specification in columns (1)-(8) are the same as our main specification and additionally
control for a one year lag of drought and flood (columns (1)-(4)), and quadratic form of temperature shock in
column (9)-(12). The temperature shock measures Harmful Degree Days (HDDs) during the monsoon season
defined as the sum of the deviations of daily maximum temperature above the median of its long-run village-level
monthly maximum temperature over the monsoon period. The first row reports the regression coefficients for
drought while the second row reports the estimates for one year lagged drought shock followed by temperature and
temperature square and the last row (‘Difference’) reports the difference between the female and male coefficients
for drought. All specifications control for individual, season, year fixed effects and other controls. Other controls
include individual time-varying characteristics (marital status), household time-varying characteristics (number of
working-age men and women, number of children, average education level of the household (for members aged 15
and above), distance from the nearest market, the interaction of assets and wealth in the first year of the survey with
annual trends) and village level time-varying indicator variable for upper two deciles of monsoon rainfall. Standard
errors clustered at village-season level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3A.7: Effect of Drought on Workdays: Robustness (Alternative Measures of Drought)

Drought Measure 1 Drought Measure 2
Paid Farm Non-farm Paid Farm Non-farm
Female Male Female Male Female Male Female Male
(D () (3) “4) ) (6) @) (8)
Drought 0.002 0.049 -0.023  0.101**  -0.000 -0.003***  -0.000 0.003**
(0.040) (0.040) (0.034) (0.048) (0.001) (0.001) (0.001) (0.001)
Difference -0.047 -0.124*** 0.003*** -0.003**
(0.047) (0.042) (0.001) (0.001)

Observations 134,709 145,202 134,709 145,202 134,709 145,202 134,709 145,202

R-squared 0.623 0.526 0.629 0.704 0.623 0.527 0.629 0.704
Individual FE v v v v v v v v
Season FE v v v v v v v v
Year FE v v v v v v v v
Other controls v v v v v v v v

Source: VDSA micro level data.

Note: The dependent variables are an IHS transformation of the paid farm and non-farm workdays of an individual
in a given month. In columns (1)-(4), the drought measure (‘Measure 1°) is the negative of the standard deviation
of monsoon rainfall from its long-run average. The drought measure (‘Measure 2’) in columns (5)-(8) is the
Harmful Degree Days (HDDs) during the monsoon season defined as the sum of the deviations of daily maximum
temperature above the median of its long-run village-level monthly maximum temperature over the monsoon period.
The first row reports the regression coefficients for drought while the second row (‘Difference’) reports the difference
between the female and male coefficients for drought. All specifications control for individual, season, year fixed
effects and other controls. Other controls include individual time-varying characteristics (marital status), household
time-varying characteristics (number of working-age men and women, number of children, average education level
of the household (for members aged 15 and above), distance from the nearest market, the interaction of assets and
wealth in the first year of the survey with annual trends) and village level time-varying indicator variable for upper
two deciles of monsoon rainfall. Standard errors clustered at village-season level are reported in parentheses (***
p<0.01, ** p<0.05, * p<0.1).
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Table 3A.8: Effect of Drought on Workdays: Robustness (NSS data)

Farm Non-farm
Female Male Female Male
(D (2) 3) 4)
Drought 0121 _0.083**  -0.003  0.097%**
(0.041) (0.036) (0.022) (0.030)
Difference (Drought) -0.038 -0.100%***
(0.046) (0.030)
Observations 430,905 434,566 430,905 434,566
R-squared 0.186 0.147 0.079 0.150
Mean Y 1.09 2.46 0.53 2.4
District FE v v v v
Year FE v v v v
Other controls v v v v

Source: National Sample Survey, Employment and Unemployment rounds (2004-05, 2007-08, 2009-10 and 2011-
12).

Note: The sample includes all individuals aged 15 and above in rural regions of India for the NSS rounds between
(2005-14), i.e., 2004-05, 2007-08, 2009-10 and 2011-12. The dependent variables are an IHS transformation of the
farm and non-farm workdays of an individual in the preceding seven days from the date of the survey in a given year.
Here drought is a district level measure. The first row reports the regression coefficients for drought while the second
row (‘Difference’) reports the difference between the female and male coefficients for drought. ‘Mean’ denotes
the mean value of workdays in each specification. All specifications control for district and year fixed effects and
other controls. Other controls include individual characteristics (age, square of age, education and marital status),
household characteristics (religion and social group) and district level time-varying indicator variable for upper two
deciles of monsoon rainfall. Standard errors clustered at district level are reported in parentheses (*** p<0.01, **
p<0.05, * p<0.1).
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Table 3A.9: Effect of Drought on NREGS days

VDSA NREGS Portal
Female Male Female Male
(D (2) 3) 4)
Drought 0.127 0.011 0.370%** ().335%*:*
(0.157) (0.276) (0.074) (0.073)
Difference 0.115 0.035*
(0.243) (0.019)

Observations 5,195 5,641 405,105 405,105

R-squared 0.640  0.521 0.700 0.697
Mean Y 3.6 3.39 2774.52  3394.71
Individual FE v v

Year FE v v v v
GP FE v v
Other controls v v v v

Source: VDSA micro level data and NREGS|Public Data Portal (2011-2014).

Note: The dependent variables are an IHS transformation of the NREGS workdays reported in the VDSA data by
an individual in a given year in columns (1) and (2) while in columns (3) and (4) it is the IHS transformation of
total NREGS person-days generated in a Gram Panchayat (GP) in a year. The drought measure in columns (1)-(2)
is at village level while in columns (3)-(4) is at sub-district level. The first row reports the regression coefficients
for drought while the second row (‘Difference’) reports the difference between the female and male coefficients
for drought. ‘Mean’ denotes the mean value of NREGS days in a given specification (dependent variable without
IHS transformation). The specification in columns (1)-(2) control for the individual, year fixed effects and other
controls. In these columns, other controls include individual time-varying characteristics (marital status), household
time-varying characteristics (number of working-age men and women, number of children, average education level
of the household (for members aged 15 and above), distance from the nearest market, the interaction of assets and
wealth in the first year of the survey with annual trends) and village level time-varying indicator variable for upper
two deciles of monsoon rainfall. Standard errors clustered at the village level are reported in parentheses. The
specification in columns (3)-(4) control for the GP, year fixed effects. In these columns, other controls include
GP level time-varying indicator variable for upper two deciles of monsoon rainfall. Standard errors clustered at
sub-district level are reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 3A.10: Heterogeneous Effect of Drought on Non-farm Workdays: Role of Women’s Safety

District characteristic (Z): Crime Measure 1 ~ Crime Measure 2

Female Male Female Male

(D 2 3) “)

(A) Drought -0.028 0.066 -0.031 0.066
(0.026) (0.043) (0.026) (0.043)
(B) Z x Drought 0.059 0.057 0.063 0.058

(0.043)  (0.059) (0.043) (0.059)

Difference (A) -0.094 -0.097
[0.03] [0.02]
Difference ((A)+(B)) -0.092 -0.092
[0.03] [0.03]
Observations 415,987 419,512 415,987 419,512
R-squared 0.078 0.149 0.078 0.149
Mean (Z=0) 0.47 2.37 0.46 2.36
Mean (Z=1) 0.58 2.42 0.59 2.42
District FE v v v v
Year FE v v v v
Other controls v v v v

Source: NSS (2004-05, 2007-08, 2009-10 and 2011-12) and National Crime Records Bureau (NCRB) (2004).
Note: The dependent variable is an IHS transformation of the non-farm workdays of an individual in the preceding
seven days from the date of the survey in a given year. The drought measure is constructed at the district level.
Women-related crimes is the total number of crimes (rape, kidnapping and abduction of women, assault on women
with intent to outrage her modesty, insult to modesty of women) reported in each district in 2004. ‘Crime Measure
1’ takes a value of one for districts with above median women-related crimes (per female) and zero otherwise.
‘Crime Measure 2’ takes a value of one for districts with above median women-related crimes (per person) and zero
otherwise. For our main categories (Z = 1), these characteristics take a value of one and a value of zero for the base
categories (Z = 0). The first row (A) reports the regression coefficients for drought for the base category while the
second row named (B) reports the heterogeneity by the characteristic. The third row (Difference (A)) reports the
gender differential for the base category while the fourth row (Difference (A)+(B)) reports it for the main category.
‘Mean (Z=0)" and ‘Mean (Z=1)" denote the mean values of the dependent variable (without IHS transformation) for
the base and the main category, respectively. The sample includes all individuals aged 15 and above in rural regions
of India in the NSS data. Since NCRB data for some districts of NSS are not available in 2004, the number of
observations here are lower than the main NSS analysis. All specifications control for district, year fixed effects and
other controls. Other controls include individual characteristics (age, square of age, education and marital status),
household characteristics (religion and social group) and district level time-varying indicator variable for upper two
deciles of monsoon rainfall. Standard errors clustered at district level are reported in parentheses and p-values are
reported in square brackets (*** p<0.01, ** p<0.05, * p<0.1).
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Chapter 4

Employment Guaranteed? Social

Protection During a Pandemic|

4.1 Introduction

The Covid-19 pandemic is an unprecedented health and economic shock to the world economy.
Most major economies are in recession and unemployment has peaked, demanding a response
from policymakers that ensures sustainable economic recovery. Social safety nets, a somewhat
neglected policy tool - including employment guarantees, unemployment insurance, Universal
Basic Income (UBI) - are once again being debated Furthermore, ongoing research on the
pandemic suggests that economic impacts differ across demographic groups (Desati et al., 2021}
Afridi et al., 2021} [Lee et al., 2021}; Deshpande, 2020 |Platt and Warwick, 2020)), but there
is limited evidence on both the role played by social safety nets in stemming labor market
disruptions as well as their impacts across population groups, which may well vary depending on
the design of programs. For instance, unlike a UBI that would not distinguish between working

and dependent populations, employment guarantees provide support during labor market shocks

IThis paper is a joint work with Farzana Afridi (ISI-Delhi) and Kanika Mahajan (Ashoka University), and is
published in Oxford Open Economics. Refer to|Afridi et al.|(2022a)).

2An ILO report discusses the various schemes implemented in the Asia-Pacific region during this pandemic.
Rees-Jones et al.[(2020) review various social safety nets in Europe and the United States.
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to the workforce, potentially impacting productivity and bolstering demand by enhancing incomes
(Devereux, 2002) In addition, the benefits of employment guarantee schemes may differ by
worker characteristics, depending on the nature of work offered and skills required.

We measure the impact of the pandemic induced shutdown in one of the worst affected
economies due to the crisis - India. We first assess the overall effects of the nationwide shutdown
during April-August 2020 on individuals’ employment status and its dynamic impact by phases
- Phase I of stringent mobility restrictions (April-May), with gradual easing in Phase II (June-
July) and full relaxation in Phase III (August). We then examine the role of the nation-wide
Mahatma Gandhi National Rural Employment Guarantee Act (MG-NREGA), the world’s largest
employment guarantee program initiated in 2006 and bolstered following the pandemic, in
cushioning job losses overall and as the stringency of the restrictions eased during April-August
2020. To address the endogeneity of employment generated under the program during the
pandemic, we use historical data on employment generation under MG-NREGA in a district
over five years, from 2014-18, to measure the capacity of the state to provide social protection
under the scheme during this crisis.

Using nation-wide, individual-level panel data with over a million observations and em-
ploying an approach akin to a difference-in-differences (DID) estimation strategy we compare
changes in general employment status between 2019 and 2020, across January-March (control
months) and April-August (treated months). We find that individual-level employment fell
precipitously during the lockdown phase of April-May 2020 relative to January-March 2020,
compared to the change over the same period in 2019. Employment showed a V-shaped recovery
post the lockdown (April-May) with easing of mobility restrictions (June-July) but tapered off
and continued to remain below the pre-pandemic level as the economy reopened (August).

The DID estimates indicate that historical program capacity to provide work under MG-
NREGA stemmed employment loss in rural areas and women therein, during this period. We find
that an increase in state capacity to provide MG-NREGA work by one day per rural inhabitant
(approximately moving a district from 50" to 95" percentile of the MG-NREGA historical state
capacity distribution) in a month reduced job losses in rural areas post the nationwide lockdown
by 3.1 percentage points (pp) overall or 7% over the baseline employment rate. Rural women’s

employment increased relatively, by 8.6 pp or 74%, suggesting that not only were employment

JPissarides|(1992) shows that a short negative employment shock can lengthen unemployment duration leading
to potential loss of skills and further “thinning" of the labor market as the human capital of the labor force erodes.
Hence there can be long-term implications of even short episodes of economic downturn.
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losses for women stemmed, but women who were previously not in the labor force may also
have entered the labor market during the crisis in high state capacity districts. On the other hand,
the effect on rural men’s employment while positive was small and insignificant. Overall, high
historical state capacity to provide MG-NREGA cushioned job losses more in rural areas in Phase
T (August 2020) - by 4.8 pp or by 10.8%, and 13.1 pp or almost 100% for rural women. These
findings are robust to individual-level heterogeneity, district and occupation-specific trends.

To the best of our knowledge, this is the first paper to evaluate the effectiveness of a
pre-existing public employment guarantee on nation-wide employment during the Covid-19
pandemic. Studies suggest buffering (but perhaps small) effects of unemployment insurance
during Covid-19 crisis on employment and income in the context of the U.S. (Alton;i et al.|(2020),
East and Simon| (2020), [Moffitt and Ziliak (2020)), Farrell et al.| (2020)) but an assessment of labor
market impacts of social safety nets are largely absent for developing countries. Our findings
are validated by smaller, bespoke studies conducted during the pandemic. Using survey data
from urban India |Dhingra and Machin/ (2020) find that workers who had an employer-provided
private job guarantee of a minimum number of days of work in a year before the pandemic,
were 5 pp more likely to remain employed during the crisis. A choice experiment with the same
sample suggests that low-wage workers were willing to work at 25% lower wage if their job
could be guaranteed; women were significantly more likely to prefer a guaranteed job relative to
men. While previous research has highlighted the role of MG-NREGA on women’s workforce
participation due to its mandated reservation of jobs for women, equal pay and access to work
close to home (Afridi et al., 2016)), our results are also consistent with the role of women’s jobs as
insurance (Sabarwal et al., 2011) and the counter-cyclicality of women’s labor force participation
in developing countries (e.g. during 1986-2006 recessions in Asia and Latin America (Bhalotra
and Umana-Aponte, [2010)). Indeed, we find that MG-NREGA disproportionately benefited
married women, women belonging to households with young children and less educated women
during the crisis - markers of lower mobility and skills - and irrespective of their pre-crisis
employment status.

Our findings have important policy implications. First, we show that employment guarantees
can play a role in shielding job losses and aiding recovery from a negative economic shock.
Second, the results highlight the relevance of the design of the employment guarantees in
contributing towards their effectiveness. While rural areas and women - the less skilled and

less mobile - benefited disproportionately from the low-wage, unskilled employment under MG-
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NREGA, such social protection eluded urban areas. Thus, the nature of work and required skills
can determine relative benefits by demographic groups. Finally, our research contributes to the
emerging literature on the relevance of state capacity in the development process (Muralidharan
et al.,|2016)) by indicating that state capacity to utilise public funds might be a critical determinant
of governments’ ability to respond quickly to economic crises.

The remainder of the paper is organised as follows. Section discusses the time of the
crisis in India and the job guarantee program. We provide details of the data in Section[4.3] The

methodology and results are in Section[d.4]and Section[4.5] respectively. Section #.6|concludes.

4.2 Background

4.2.1 Timeline

The Indian government ordered a stringent national shutdown to deal with the COVID-19
pandemic, from 24 March 2020 until April 14, which was later extended to May 30 (Phase I). In
fact, India imposed one of the strictest lockdowns, restricting all economic activity except those
deemed essential (Balajee et al.,[2020), with just 500 reported and confirmed COVID cases at
the time of the lockdown announcement. The phased reopening was initiated on June 8. This
was followed by a gradual easing of restrictions on mobility in June and a further easing in night
curfew and domestic air travel from July (Phase II). From August 1, Phase III of ‘unlockdown’
with the removal of night curfew saw further relaxations of restrictions on economic activity and
mobilityf]

As a consequence of the shutdown, the impact on economic activity across the country
was catastrophic and the country entered a recession. India’s GDP contracted by 23.9% during
April-June and 7.5% in the second quarter (July-September) of the 2020-21 fiscal year as opposed
to 4.2% growth in the GDP in 2019—20E] The unemployment rate peaked at 18.5% in the first
quarter and started to taper-off from the second quarter onwards (7.5% in both July-September

and October-December quarters) ]

4See: Coronavirus India timeline: Tracking crucial moments of Covid-19 pandemic in the country, October 1,
2020, The Indian Express.

3See: India GDP Q2 Data: India’s GDP contracts 7.5% in Q2, enters technical recession, November 27, 2020,
The Indian Express.

6See: Unemployment Rate in India, CMIE
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4.2.2 MG-NREGA

The Mahatma Gandhi National Rural Employment Guarantee Act (MG-NREGA) mandates the
provision of 100 days of manual work on publicly funded projects (e.g. rural infrastructures such
as irrigation canals and roads) to rural households in India. The Act envisions a rights-based
approach - rural adults can demand work at a mandated minimum wage. The program was
initially implemented in the country’s poorest 200 districts in February 2006, with 130 additional
districts added in the next stage (2007) and national coverage thereafter (2008). In 2018, the Act
provided employment to almost 76 million individuals at an annual expenditure of more than Rs.
60,000 crores (or USD 9 billion), making it one of the most ambitious employment generation
programs in the world. The Act also mandates reservation of 1/3rd of jobs in each MG-NREGA
project for women.

Post the national shutdown on March 24, 2020, the provision of employment under the
program also came to a halt. On April 15, 2020, however, the Government of India ordered
activities related to the MG-NREGA to resume. It also increased allocation to the program’s
budget by Rs 40,000 crore. Consequently, the program generated 2.02 billion person-days of
work until September 2020, compared with 1.88 billion for the entire fiscal year of 2019-20.
Figure .14 plots the district level average person-days of work (number of people working
per day multiplied by the number of days of work obtained) per rural inhabitant generated
under the scheme for every month in 2020 and 2019[] It shows that the average person-days
generated were similar in 2019 and 2020 for January-March but there was a sudden plunge in
April 2020 (due to the shutdown) relative to the 2019 level. Thereafter, the average number of
person-days generated in May-June 2020 saw a sharp spike, which again fell in July-August
2020, the peak agriculture season, but remained slightly higher in 2020 than in 2019 even during
August. Furthermore, the gender allocation of person-days under MG-NREGA did not change
from the pre-crisis period. The proportion of monthly person-days of work received by women
between April-December 2020 (post-shutdown) (48.45%) was comparable to the pre-pandemic
period during April 2019 to March 2020 (48.75% )E]

Research indicates that MG-NREGA implementation has been uneven across districts of India

"The data for person-days is from the MG-NREGA Public Data portal: https://nregarep2.nic.in
/netnrega/dynamic2/DynamicReport_new4.aspx|and that for rural inhabitants is taken from Census
2011.

8We divide the cumulative person-days generated by gender (unfortunately, this information is not available at a
monthly frequency, unlike the total person-days generated) by the number of months for which we have data to
arrive at the average monthly person-days by gender.
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(Shah and Mohanty, 2010; |Dreze and Oldiges, 2009), and program fund utilization is typically
better in states with higher capacity but lower need. We check whether the past capacity to
generate work under MG-NREGA affected the supply of person-days under MG-NREGA during
the shutdown and when the restrictions eased. Figure [4.1b| plots the correlation between the
average number of MG-NREGA person-days generated in 2020 and those generated historically
(2014-18) across districtsﬂ The plot shows a high positive correlation (0.69) indicating that the
districts with historically higher capacity to provide work under MG-NREGA also generated
more work under the program when the pandemic struck in 2020@] These findings are also in
line with Narayanan et al. (2020) who show that the increased MG-NREGA work generation
post lockdown was largely correlated with past work generation in a district.

Moreover, we look at the correlation between the historical capacity to provide work under
MG-NREGA and state capacity to provide other public goods. We find that generation of
MG-NREGA person-days is positively and significantly correlated with an index of provision
of other public goods and services at the rural, district-level - education, healthcare, electricity,
banking facility and road connectivity (0.16, p<0.01). While data are not available on direct
measures of state capacity (e.g. revenue generation, or law and order), the positive correlation
between MG-NREGA work provision and other public goods suggests that state capacity is an
important determinant of the responsiveness of MG-NREGA to adverse shocks in a region. Our
results, as we show later, remain robust to controlling for the provision of other public goods in a

district.

4.3 Data

We use the Consumer Pyramids Household Survey (CPHS) data from the Centre for Monitoring
Indian Economy (CMIE) - a nationwide, household-level panel data where each household is

interviewed once every quarter of a yearE] The CPHS captures employment details and other

9We exclude 2019 from the calculation of historical MG-NREGA intensity. The correlation is weighted by the
rural population of the district.

OFigure in the Appendix shows the historical person-days generated per rural inhabitant by the district. As
expected, the states of Rajasthan, Andhra Pradesh (including the regions of present-day Telangana) generated more
person-days historically and have been recognized as the best performing states since the inception of the program
(Sukhtankar, [2016} {Imbert and Pappl, 2015).

"'The CPHS sample is selected through a process of multistage stratification and random sampling of over 98.5%
of India’s population (Vyas}, 2021). It excludes four border states and Union territories (UT) in the North-East, some
islands and one small UT on the mainland. We have not used sampling weights in the analysis and we do not claim
the findings to be representative of India. In fact, some recent studies have challenged the representativeness of
CPHS pointing to the sampling design that under-represents women, young children and the poor (Pais and Rawal,
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socio-demographics of individual respondents in the householdE] The sample of households
surveyed in the period Jan-Aug of 2019 was 160,742 which fell by 21.1% during the same
period in 2020. Our analysis is, therefore, restricted to a balanced panel of 335,038 individuals
residing in 113,812 households, who were surveyed in both 2019 and 2020. Later we check the
robustness of our results to household attrition[]

Our main outcome of interest is the general employment status of an individual. We use
employment data for the working-age population, i.e. individuals aged 15-59 (measured in the
quarter Dec 2019-Mar 2020, preceding the shutdown). The CPHS captures the employment
status as of the date of the survey. If an individual is engaged in any economic activity either on
the day of the survey or on the day preceding the survey or generally regularly engaged in an
economic activity she/he is considered employed (even if unable to work in the past few days
due to illness or other contingencies). Among the individuals who report themselves to be not
employed, the survey further records their alternative status - unemployed, willing and looking
for a job; unemployed, willing but not looking for a job; and unemployed, not willing to work
and not looking for a job. The CPHS also records the details of employment, including the nature
of occupation (19 categories), the industry of occupation (38 categories), type of employment
(full time/part-time) and employment arrangement (casual labor, salaried (permanent/temporary),
self-employed).

Table[d.1] Panel A, includes the employment statistics for the sample in our analyses at the
individual-month-year level. Panel B shows the MG-NREGA person-days of work generated in
2020, 2019 and during 2014—18{'3] Employment rates are higher, on average, in rural areas than
urban areas and among men than womenE]

Note that the CPHS sample size is comparable to the Periodic Labor Force Survey (PLEFS)
conducted by the Ministry of Statistics and Program Implementation in 2017-18 whose sample

size was 102,113 households. Comparison of the employment rates (proportion of people

20215 Somanchi, [2021]).

120ther modules of the CPHS capture household incomes, assets and monthly expenditure. See Data Appendix
for details.

3The survey drops those households from the panel that are found missing from their original or expected
location. If instead members of a household migrate or are replaced by a new set of members, the household is
retained in the panel with the change in the household members marked in the database. Thus, the data do not
capture migrant households or members. We later discuss the implications of this for our results.

4Individuals’ demographic characteristics including location (rural/urban) are measured at the time of the first
survey (pre-pandemic). In our analyses, we include data for individuals surveyed both in 2019 and 2020.

SPanel A of Appendix Table shows the employment statistics overall and by region and gender, type of
employment (Panel B), and unemployment (voluntary vs involuntary in Panel B) during the pre-lockdown period of
Jan-Mar 2020 (the period used as the baseline in our analyses).
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employed) in the CPHS and the Periodic Labor Force Survey (PLFS) for the months of July
2017-June 2018 shows that for the age group 15-59, the overall employment rate from the CPHS
data was 65% for men and 8% for women. The corresponding figures from PLFS using weekly
(daily) status were 71% (61%) for men and 20% (14%) for women. Therefore, the employment
rates for men are mostly comparable while those for women are almost half for women in
the CPHS using weekly status but three-fourths using the daily status definition in PLFS. We
compare the PLFS employment rates for rural women (14.5%) and urban women (13.7%) with
those in CPHS (12% for rural women and 9% urban women) and find that the difference seems
to be higher for urban women. One reason for the difference in women’s employment rates
could be the framing of the questions across the two surveys. However, the broad patterns across
regions for women are similar - lower for urban women than rural women. For further details on
the comparison of other demographics of CPHS with the Periodic Labor Force Survey (PLFS)
refer to the Data Appendix 4.A.B

4.4 Estimation Strategy

Using CPHS data for Jan-Aug 2019 and Jan-Aug 2020, we first examine the overall change in

employment due to the crisis:

Yiedmt = 0o + aq(Post,, X Years) + D; + Yearapo + My, + Dat + €icame  (3B.1)

where Y;cqm: 18 @ dummy that takes value one if individual 7 in occupation c in district d in month
m in year ¢t was employed and zero otherwise. Post,, is an indicator variable that takes a value
one for the months of April-August, corresponding to the months of national lockdown, and zero
otherwise. Y earsgag is an indicator variable that takes value one for {=2020 and zero otherwise.
The above specification is akin to a difference-in-differences strategy where the coefficient (cv;)
gives the effect on employment post the shutdown on March 24, 2020. To elaborate, o is the
difference between the change in employment between Apr-Aug 2020 - Jan-Mar 2020 and the
change in employment between Apr-Aug 2019 - Jan-Mar 2019.

We also account for individual-level heterogeneity (1);) and seasonality through month fixed
effects (M,,,) and district-specific year fixed effects (D ;) to allay any concern that the results
are driven by district-specific trends over the two years. We examine the overall employment
impacts and the dynamic impacts (to estimate recovery) by sub-periods as the stringency of the

movement restrictions eased: Phase I (April-May, stringent lockdown), Phase II (June-July, some
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easing of restrictions) and Phase III (Aug, further easing). Standard errors are clustered at the
district-month-year level to account for correlation of shocks to employment within a district in
a given month and yearE’]

Next, we examine the effect of MG-NREGA on general employment. To address the concern
that contemporaneous person-days generated under MG-NREGA in 2020 are endogenous to
the crisis, we exploit the earlier finding that the increase in the provision of person-days under
the MG-NREGA during May-August 2020 was higher in districts which on an average in the
past have shown greater state capacity in providing employment under the scheme (Figure
4.1b). Thus, we estimate the impact of historical state capacity to provide MG-NREGA work on

employment post the shutdown in India using the below specification:

Yicamt = Bo + B1(Post,, X Yearag X NREGAg,)+
01(Post,, x NREGAgm) + 02(Post,, X Years)+

03(NREGAgm, X Yearay) + D; + Yearap + My, + Dat + Demt + €icame (3B.2)

where N REG Ay, is the number of person-days of work in district d in month m generated
under MG-NREGA during years 2014-2018, divided by the rural population (as per Census 2011)
in the district. Note that our measure of state capacity accounts for the variation in the provision
of MG-NREGA workdays with agricultural seasons. The above specification is again akin to a
difference-in-differences strategy, with heterogeneous impacts across districts due to differences
in historical state capacity to generate MG-NREGA Work The coefficient 3; gives the effect
of an increase in past capacity to generate employment under MG-NREGA by one day per rural
inhabitant, on employment, post the shutdown. Thus, a positive value of 5; would indicate that
districts with higher prior state capacity to generate employment under MG-NREGA suffered
smaller employment losses post the shutdown. The estimated effect accounts for any seasonal
differences in impacts of historical NREGA provision (Post,, x NREGAy,) as well as any
overall differential employment trend in areas with higher historical provision of MG-NREGA
employment in 2020 vs. 2019 (NREG Ay, X Yearsp).

The advantage of our estimation strategy is that it allows us to control for seasonal changes

in employment, an important consideration in rural areas dependent on agriculture. Notably, as

16Qur results are robust to alternatively clustering at the district level.

To elaborate, 3; is the difference between the first difference (i.e. change in employment between Apr-Aug
2020 and Jan-Mar 2020 as historical state capacity increases by one person-day per rural inhabitant) and the second
difference (i.e. change in employment between Apr-Aug 2019 - Jan-Mar 2019 as historical state capacity increases
by one person-day per rural inhabitant).
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we discuss in detail later, the estimation using Equation shows that different occupations
witnessed different losses following the lockdown in India. Thus, controlling for occupation-
specific time fixed effects (D.,,;) in Equation |3B.2}is crucial to identify the effect of differential
state capacity to provide MG-NREGA employment, and address any confounding effects of
differences in district-specific occupational structures. Here, the occupation status is measured in
the quarter preceding the lockdown. This allays any concern that districts with higher historical
MG-NREGA person-days are characterised by different occupational/employment structures
and hence suffered differential employment changes relative to other districtsm Note that the
inclusion of occupation-specific month-year fixed effects precludes us from identifying d.

We estimate the above specification - overall and by region, i.e. rural and urban areas
separately. While the scheme is applicable only in the rural areas and consequently is expected to
have a larger impact there, inter-sectoral linkages through local demand and migration networks
may result in spillover of the effects to urban areas. We discuss the implications of inter-sectoral
linkages on our results later. We further examine the heterogeneity in the effect of MG-NREGA
by gender, given the program’s mandate for reserving 1/3rd of jobs for women and existing

evidence that suggests women prefer job guarantees more than men

4.5 Results

4.5.1 Employment trends

We find that overall employment was 5 pp or 12% (p < 0.01) lower post the nationwide lockdown
in 2020 than in the pre-lockdown months of Jan-Mar 2020, relative to the same difference in
2019 as shown in Panel (a) of Figure [4.2] which plots the coefficient oy in Equation for
the sample of all individuals aged 15—59@] The negative shock to employment did not vary by
region, both rural and urban regions experienced a similar negative effect on employment, as

indicated in Panel (b), sub-figures [4.2b(i)| and 4.2b(i1)l While there was a fall in the probability

of employment for both men and women post the lockdown relative to their pre-lockdown

8We include 15 occupational categories for the employed or those looking for work (viz. Industrial Workers,
Wage Laborer, Self-employed, Farmer, Home-based worker), and two categories for those not employed and not
looking for work (Home Maker and Others (Retired/Students)). Our results hold even if include a more aggregate
occupation classification - Casual, Self-Employed, Salaried, Unemployed, Not in Labor Force (Home Maker and
Others (Retired/Students)).

19Note that since the objective of the paper is to understand the aggregate impact of the pandemic on employment
we do not assess intra-household gender dynamics.

200ur estimate lines up with others’. See: Job losses may have narrowed, May 26, 2020, CMIE.
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levels (Panel (c), sub-figure d.2¢(1))), after accounting for changes during 2019 over the same
period, it was more pronounced for men (8.6 pp or 12% (p < 0.01)) than women (0.7 pp or
8% (p < 0.01)). The gender differential in the employment effect (7.9 pp) is significant at one
percent level as shown in sub-figure

The impact on employment during the entire lockdown period is assessed by phases in Figure
Panel (a) of Figure shows that employment was hit the hardest, by almost 10.9 pp or
26% (p < 0.01), during Phase I of the lockdown in 2020. It was lower by 2.1 pp (p < 0.01)
during Phase II, and by Phase III it was almost back to its pre-lockdown levels.

Next, we show the heterogeneity in the employment effects by region and gender in Panel (b)

and (c) of Figure .3] respectively. Sub-figures 4.3b(1)] and [4.3c(i) plot the effects on employment

by region and gender, respectively, while sub-figures 4.3b(11)| and [4.3c(11)| plot the difference

in these effects across the two demographic groups (difference in coefficients oy within region
(rural-urban) and gender (women-men), respectively). We find that the fall in employment across
all three phases was similar in both rural and urban regions (Figure 4.3] Panel (b)), from the
baseline months of Jan-Mar 2020, relative to 2019. However, the gender impacts varied across
phases (Figure 4.3} Panel (c)). The magnitude of the gender difference fell with the easing
of restrictions as male employment recovered (sub-figure 4.3c(i1)). Note, however, that if we
restrict the sample to only those individuals who were employed before the lockdown, the fall in
employment is proportionally larger for women than men - in line with Deshpande (2020).

In Table we break-down the overall employment impacts by type of labor force engage-
ment. Columns (2)-(4) in Panel A indicate that during the lockdown in 2020, the proportion
of casual workers fell by 3.27 pp (22%), followed by salaried (by 1.05 pp or 15%) and lastly
the self-employed (by 0.51 pp or 3%). These estimates highlight the heterogeneous impacts
of the lockdown by occupation and are in congruence with the survey finding of differential
employment effects by type of work in|Dhingra and Machin|(2020). We find similar occupational

differences across the rural and urban sub-samples, reported in Panels B and C, respectively

4.5.2 Overall effect of MG-NREGA

The first row of Table reports the estimates of the effect of historical MG-NREGA state

capacity (N REG A) following the nationwide lockdown (Post,, X Y earygs) on employment

2l Heterogeneity in the effect of the shock across occupations also holds by gender in rural areas as shown in
Appendix Table [fA.2]
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(coefficient 3; in Equation EZ] Columns (1) and (2) show the effect for the rural and urban
areas, respectively. We find that an additional historical person-day under MG-NREGA per rural
inhabitant increased the probability of employment relative to the pre-lockdown months by 3.1
pp (or 7%) in the post lockdown months in the rural areas, relative to 2019 but there was no effect
in urban areas (Table 4.3] Columns (1)-(2)). This difference in the effect across rural and urban
areas (4.4 pp) is significant at one percent level. Given that the overall loss in rural employment
post the shutdown was 5 pp (Table §.2] Panel B, Column (1)), these estimates suggest that
employment losses in areas with higher MG-NREGA state capacity were substantially lowerE]

Next, we report the dynamic, phase-wise, effects in Table The first row reports the
coefficients for the most stringent lockdown period of Phase 1, and the two subsequent rows
report it for the gradual easing in Phase II (Row 2) and Phase III (Row 3), respectively. The triple
interaction term in Column (1) indicates that there was a positive but insignificant effect of state
capacity in generating MG-NREGA work during the most stringent shutdown period of Phase I
(2.9 pp). But with the gradual easing of restrictions, an increase in historical person-days under
MG-NREGA by one day per rural person in a district increased the probability of employment in
rural areas significantly by 3 and 4.8 pp during Phase II and Phase III of 2020, respectively, from
Jan-Mar 2020 and relative to 2019. Since on average districts at the 50" and 95" percentile
generated 0.16 and 1.26 person-days of MG-NREGA work per month per rural inhabitant during
2014-18, respectively, the marginal effects indicate cushioning of employment loss when a
district shifts from mid to upper end of historical MG-NREGA state capacity distribution. In line
with our overall results, we find no significant effect of MG-NREGA in any of the three Phases
in urban areas (Column (2)).

We conclude, therefore, that although the impact of state capacity to generate MG-NREGA
works was muted immediately following the shutdown, it played a significant role in cushioning
job losses in rural areas thereafter. The smaller effect of MG-NREGA state capacity during Phase
I could be the result of a fall in actual MG-NREGA person-days generated during late Mar-Apr
(strictest shutdown period) in districts that were historically generating greater employment

under MG-NREGA (Figure d.Ta). The increase in actual person-days generation was mostly

22The interaction of Post,, X Y earsgso is subsumed in the occupation time fixed effects. Table shows that
the impact of the lockdown varies by type of employment and hence the consistency of the estimates on the effect of
N REGA after the lockdown rests on inclusion of these as controls.

23 Among the other double interactions only Y earagag x N REG A, showing the overall difference in employment
in areas with a higher provision of MG-NREGA employment in 2020 viz-a-viz 2019, has a significantly negative
effect. This suggests that there was an overall decline in employment rates over time in districts with greater
historical MG-NREGA provision.
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during Phase II while in Phase III the increase was around 20% from the baseline.

One concern with our estimation strategy could be that despite the extensive set of controls
in our specification, there could still be other unobservable factors correlated with historical state
capacity to generate NREGA employment that also vary over time. For instance, a major threat to
the validity of our identification strategy could arise from differential inward migration of people
across regions post the pandemic due to regional variation in state capacity to provide NREGA
employment. There was a massive exodus of workers from urban areas towards their rural homes
during Apr-July 2020, and who began returning to the cities in Aug 2020@ Although reliable
data on migrant workers’ movements during this period is absent, it is instructive to discuss how
our estimates may be affected by these movements.

First, regions with higher state capacity to generate NREGA are likely to witness a larger
increase in the influx of regional migrants for a given out-migration rate before the pandemic. In
this case, our estimates, if anything, will be a lower bound on the true effect of past state capacity
in reducing employment losses since more workers would be competing for work in these rural
areas which have higher state capacity, creating a slack labor marketE]

Second, pre-pandemic out-migration rates could themselves vary across both high and low
historical state capacity regions, even if the proportion of return migrants are comparable between
these regions. In this case, if out-migration rates were higher (lower) in districts with historically
high MG-NREGA state capacity then our estimates are likely to be lower (upper) bounds of the
true impact during April-July; this is because the rural population would have increased relatively
more (less) in these districts undermining any increase in the availability of MG-NREGA jobs.

Using the latest available migration data from the National Sample Survey (2007), we find
that the correlation between pre-crisis district level seasonal out-migration rates for work in
rural areas and historical MG-NREGA annual state capacity is 0.09 (p<0.05). Although the
correlation is low, given the direction, it suggests that a larger number of migrants moved back
to regions with higher historical MG-NREGA state capacity. This suggests that indeed our
estimates are likely to be a lower bound on the true effect of prior state capacity on reducing job

losses during April-July and an upper bound for August when rural migrants began to return to

24Several newspaper reports documented the movement of workers from urban to rural India during April-May
2020. See: |At least 23 million migrants are returning to India’s villages. Can the rural economy keep up?, May
25, 2020, Scroll; Lockdown in India has impacted 40 million internal migrants: World Bank, April 23, 2020, The
Economic Times.

ZNote that we keep a balanced set of individuals in our analyses who were rural residents before the pandemic,
therefore, our results are not sensitive to the movement of people in our sample. The slack labor market would affect
the employment rate of these individuals through local district labor market conditions faced by them.
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the cities@ While the dynamic impact of MG-NREGA may not be entirely attributable to the
ability of the state to respond to the crisis (it can reflect the relative movement of the population

during this period), since the biases are in two opposite directions, our estimate of the overall

impact of the program for the period Apr-Aug 2020 likely reflects the true causal effect of
MG-NREGA during the initial months of the pandemic

Effect of MG-NREGA by gender

We restrict our attention to rural India here, since a positive effect of historical capacity to
generate work under MG-NREGA is observed above on rural employment only. Column (3) of
Table [.3|reports the overall effects on rural women while Column (4) lists the effect on rural
men. The marginal effect of an increase in average historical person-days under MG-NREGA by
one day per rural inhabitant increased the probability of employment for women by 8.6 pp (or by
74% over baseline employment rate) post the lockdown. The overall fall in women’s employment
in rural areas was 1 pp (Appendix Table 4A.2} Panel D, Column (1)), hence these effects suggest
that women who were previously not employed may have entered the workforce in historically
high MG-NREGA state capacity areas. While these results are in line with existing literature on
the counter cyclicality of women’s labor force participation, they also highlight the fact that the
availability of suitable employment opportunities can play a role in effectuating it. Examining
the dynamic effects by sub-periods on women’s employment in rural areas, Column (3) of Table
4.4 shows that MG-NREGA had a significantly positive effect on women’s employment in all
three phases, which strengthened over time (over 7.6 pp in Phase II and 13.1 pp in Phase III).
Conversely, the effect on rural men remains insignificant overall (Table [#.3] Column (4)), as well
as, in all three phases ((Table 4.4, Column (4))). Consequently, there exists a significant gender
differential in the overall (7.6 pp at one percent significance level) and phase-wise effects of

MG-NREGA on employment of women and menF_g]

26The reverse movement of workers from rural to urban areas from Aug 2020 is well documented: See No jobs
in villages, two-third of migrants return to cities, August 03, 2020, Business Today.

“'Later we check the robustness of our results to potential effects of state capacity to provide other public goods.
Our results remain robust to these more restrictive specifications. Hence, time-varying omitted variables leading to
inconsistent estimates is unlikely, though we cannot rule out such confounds completely.

28The tests of significance across columns are presented in the rows below the main results. We also examine the
effect of NREGA on the intensive margin of employment i.e., on the number of hours worked in a day. However,
since data on hours worked is available only from September 2019 we are unable to correct for seasonality in
employment using a DID approach. Instead, utilizing data for Jan 2020 - Aug 2020 and computing the single
difference or change in average hours of work post the lockdown for rural women as the historical MG-NREGA
generation capacity increased by one person per rural inhabitant, we again find a significantly positive effect of
MG-NREGA on rural women and an insignificant effect on rural men (Table #A.3]in Appendix). We also consider
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The above results indicate that the effect of historical state capacity in generating women’s
employment increased as the lockdown restrictions eased. In addition to the lower generation
of MG-NREGA works during April-May, this could also be due to women benefiting from
lower demand for work as predominantly male migrants moved back to their urban workplace in
August. We provide evidence for the latter channel and other possible mechanisms in the next

section.

Why did women benefit more from MG-NREGA?

Reservation for women in MG-NREGA jobs and a possibly higher allocation of MG-NREGA
person-days to women during the crisis are not sufficient to explain our results (women workers
made up for approx. 48.5% of person-days, before and after the pandemic, see Sub-section4.2.2)).
Existing literature indicates that women prefer jobs near home due to mobility restrictions, safety
concerns and the need to balance care work with market work (Fletcher et al., [2019) as well as a
guaranteed job (Dhingra and Machin, 2020). Since MG-NREGA guarantees work within the
village precincts it meets many, if not all, of the preferred job characteristics of WomenEq]

In order to assess how these supply-side factors may have influenced the impact of the
program, we examine the heterogeneous effects of historical MG-NREGA state capacity on
employment of rural women by the following individual characteristics in Table (Col 1)
FEver married (dummy variable that takes a value one for women who were ever married, else
zero), (Col 2) Education (dummy variable that takes value one for women with education below
primary level, else zero) and (Col 3) Employment (dummy equals one for women who were
employed in the preceding quarter before the lockdown, else zero) to check whether women
already in the labor force or new entrants to the labor market took up MG-NREGA work during
the pandemic. We further analyse the heterogeneity of impacts on rural women by household
characteristics in Table (Col 4) Young children (dummy variable that equals one for
households with a child up to 12 years of age, else zero) and (Col 5) Poor (takes value one
for households in the bottom two deciles of a constructed assets index, else zero). Finally, we

examine whether the cushioning of women’s employment varied by the proportion of the migrant

an alternative specification wherein we use a binary indicator for median and above historical state capacity instead
of the continuous measure of NREGA person-days. The results are similar to our main specification. We find that
women in districts with median or above historical MG-NREGA capacity had significantly higher employment with
no significant effect on men (results available on request).

2Since we account for both time-invariant and time-varying district level heterogeneity in the labor market in
our analysis, any difference in employment opportunities (by gender) between high and low capacity districts cannot
explain our results.
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population of a district, i.e. (Col 6) Low migrant - dummy equals one for individuals residing
in rural districts without seasonal out-migrant workers, and zero if the district has a positive
number of rural out-migrants in the year 2007, the latest year for which such information is
available ]

The first row of Table .5 reports the heterogeneous effects of MG-NREGA by these char-
acteristics on rural women’s employmentEr] The second row reports the impact for the base
category (Z = 0). The row ‘Estimate (Z = 1) in the bottom panel reports the sum of the first
two rows in the table i.e., the impact for the main category (Z = 1). We find that rural women
in all these categories (Z = 0 as well as Z = 1) gained employment in areas with historically
high MG-NREGA state capacity but there were significant differences across these categories
by marital status, education, children and poverty levels. Column (1) shows that ever-married
women’s employment increased by 4.5 pp (33%) more than women who were never married
and employment of women with primary school-going children increased by 3.9 pp more (33%)
than those in households with no child in that age group (Column (4)). These results support
the hypothesis that limited mobility and the need to balance child care duties could have led to
women accessing a public guarantee program like MG-NREGA more than men.

Similarly, results in Row (1) of Columns (2) and (5) in Table[4.5|indicate that employment of
women who were less educated or in households classified as poor increased relatively more
due to MG-NREGA by 4.7 pp and 4.9 pp, respectively. However, we do not find any significant
difference in employment increase due to MG-NREGA state capacity by previous employment
status of women (Column (3)), suggesting that employment of women who were previously
employed as well as those who were not increased post-shutdown in regions with historically
high MG-NREGA state capacity. We also find that rural women in districts having a low migrant
worker population witnessed a larger increase in employment during the Post months due to
MG-NREGA state capacity by 11.8 pp (Column (6)). As discussed earlier, this finding can be
attributed to lower demand for limited MG-NREGA jobs in low migrant areas, as primarily male

migrant workers returned to rural regions post the shutdownF_?]

30The marital status is a likely indicator of limited mobility, whether individuals’ household has primary school-
going children is an indicator of limited mobility and need to balance care work with market work, individuals with
lower education and poverty may have a greater preference for guaranteed jobs. For details on the construction of
the asset index and calculation of the number of seasonal migrant workers in a district, refer to Appendix

31See Appendix Table for full set of interactions.

32We obtain similar results when we analyse contemporaneous work provided under MG-NREGA on changes in
employment status of rural women post lockdown and the heterogeneity in these effects. We also examined these
heterogeneous impacts on the intensive margin of employment i.e., on the number of hours worked in a day. We
continue to find a differentially higher significant effect of MG-NREGA on ever married, less educated women
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However, while employment of less-educated men and those in poorer households was
cushioned more due to MG-NREGA (Appendix Table 4A.5| Columns (2) and (5)), there were no
differential employment effects along the dimensions of marriage or children in the household
for rural men (Columns (1), (3) and (4)). Although employment of rural men residing in districts
with a low migrant worker population was also cushioned more due to MG-NREGA state
capacity (Column (6)), the magnitude of the impact was smaller for men (8 pp for men vs 11.8
pp for women). These results suggest that mobility and child care concerns were additional

factors due to which women may have benefited more from MG-NREGA during the crisis.

4.5.3 Robustness Checks

Attrition: We carry out inverse-probability weighted estimation to check the robustness of
our results to attrition (see Appendix [4.A.B|for methodology), reported in Table 4.6) Columns
(1)-(3). The previous conclusions continue to hold - there is a decline in employment post the
national lockdown by 5 pp (Column (1)) and historical capacity to generate MG-NREGA works

cushions losses for rural women (Column (2)) but not for rural men (Column (3)).

Placebo: We undertake a falsification exercise using data from Jan-Aug 2018 and Jan-Aug
2019 and defining Yearypig as t=2019 in Table Since there was no pandemic induced
shutdown during 2019, we should not see any systematic employment trends for this period. As
expected, we find no significant difference between the probability of employment in Apr-Aug
2019, in comparison to Jan-Mar 2019 (Column (4)), relative to that of 2018. The effect of
historical state capacity to generate MG-NREGA person-days on rural employment is also not

significant in Columns (5) and (6) for either rural women or men.

Other specifications: As discussed above in Section 2.2 above, state capacity to provide public
workdays under MG-NREGA is positively correlated with an index of provision of other public
goods and services in rural areas like education, healthcare, electricity, banking facility and
road connectivity. These characteristics can also directly mediate the impact of the pandemic
on employment. We rule this out and show that our results for MG-NREGA state capacity
continue to hold even after accounting for these other mediating factors. For this, we construct a

district-level index of state capacity. We then check the robustness of our results to the inclusion

and in districts with low migrant workers. The coefficient on children and poor remains positive but is imprecise
(Appendix Table@ Columns (4)-(9)).
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of interactions with this index of capacity in a manner similar to our main specification where we
have the interactions with MG-NREGA historical state capacity. The results are reported in Table
MA.6|in Appendix. We find that our results on the effect of MG-NREGA state capacity continue
to hold even after we control for the heterogeneous employment impacts post the pandemic
due to this alternative measure of state capacity of public good provision. Additionally, our
results are also robust to controlling for district-month fixed effects to account for seasonality in
employment at a geographically disaggregated level. These tables are omitted for brevity and are

available on request.

4.6 Conclusion

In this paper, we analyse the extent to which an employment guarantee program was able to
stem employment loss in India during the Covid-19 crisis. Using individual-level panel data and
accounting for seasonal trends in employment, individual and regional heterogeneity, our findings
suggest that districts with higher pre-pandemic capacity to generate public works employment
under MG-NREGA were able to cushion job losses significantly in rural areas and more so
for rural women. We find no spillover effects on urban employment, highlighting the need for
complementary policies in urban areasf’ﬂ Furthermore, rural women who were less likely to be
mobile and/or had child care responsibilities gained more from the program, suggesting that the
nature of guaranteed jobs can be a critical determinant of which demographic groups benefit

from such social protection.

33See recent debate on providing an urban MG-NREGA: DUET: A proposal for an urban work programme, Sep
9, 2020, Ideas for India.
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4.7 Figures and Tables

Figure 4.1: MG-NREGA person-days per rural inhabitant
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Source: NREGA Public Data Portal (2014-2020).
Note: The person-days generated were divided by the rural population of the district (Census 2011). The Historical
NREGA in panel (b) is defined using the average historical MG-NREGA person-days generated in a district
between 2014-18. 95% confidence interval around the linear fit line.
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Figure 4.2: Impact of Shutdown on Employment
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Note: The Figure plots the coefficient o; from Equation@ The classification of the region and gender is as of
the quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020. Standard errors clustered at the district-month-year
level. 90% confidence bands are plotted around the regression coefficients.
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Figure 4.3: Impact of Shutdown on Employment by Phase
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regression coefficients.
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Table 4.1: Summary Statistics

Panel A: General Employment (Individual-Month-Year level)

Variable Number of individuals Obs Mean S.D. Definition
Overall 335,038 1,040,918 0.41 0.49 Proportion employed
Region

Rural 114,509 350,907 043 0.49 Proportion employed in rural areas
Urban 220,529 690,011 0.40 0.49 Proportion employed in urban areas
Gender

Men 179,167 557,788  0.65 048 Proportion of men employed
Women 155,871 483,130  0.08 0.28 Proportion of women employed

Panel B: MG-NREGA (District-Month level)

Variable Number of Districts Obs Mean S.D. Definition
NREGA 2020 580 4,630 049 0.75 Persondays per rural person in 2020
NREGA 2019 580 4,630 037 0.62 Persondays per rural person in 2019
Historical NREGA 580 4,630 041 0.99 Persondays per rural person in 2014-18

Source: The data for employment is from the Consumer Pyramids Household Survey for the relevant
period in the sample (Jan-Aug 2019 and for Jan-Aug 2020). The data for work days (Jan-Aug) generated under
MG-NREGA (2014-2020) are taken from NREGA Public Data Portal and normalized by district rural population
(Census 2011).
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Table 4.2: Impact of Lockdown by Type of Employment

Employed Casual Salaried  Selfemp Unemp NotinLF
(1 2) 3) “) 5) (6)
Panel A: Overall

Post,, X Years -0.050%%% -0.033%%% _0.010%%* -0.005%% 0.034%%*% 0.0]16%**
(0.003)  (0.003)  (0.002)  (0.002)  (0.003)  (0.003)

Observations 1,030,046 1,030,046 1,030,046 1,030,046 1,030,046 1,030,046
R-squared 0.884 0.715 0.771 0.767 0.590 0.877
Mean (Y) 0.42 0.15 0.068 0.195 0.057 0.523

Panel B: Rural

Post,, X Yeary -0.049%% _0.038%k% (0] %** 0.004 0.032%%%  (.017#%*
0.004)  (0.004)  (0.002)  (0.004)  (0.004)  (0.004)

Observations 346,836 346,836 346,836 346,836 346,836 346,836
R-squared 0.884 0.725 0.761 0.797 0.590 0.881
Mean (Y) 0.446 0.166 0.033 0.236 0.049 0.505

Panel C: Urban

Post,, X Yearyg -0.049%%% _0.020%%% _0.010%%* _0.009%%* (.033%%k (.0]5%**
0.004)  (0.004)  (0.002)  (0.003)  (0.004)  (0.004)

Observations 683,210 683,210 683,210 683,210 683,210 683,210
R-squared 0.885 0.710 0.771 0.747 0.591 0.875
Mean (Y) 0.407 0.141 0.087 0.173 0.061 0.533
Fixed Effets

Individual v v v v v v
Month v v v v v v
Year v v v v v v
District x Year v v v v v v

Source: Consumer Pyramids Household Survey (2019-2020).

Note: In all panels, the sample includes individuals aged 15-59 who are classified into one of the employment
categories as per their employment status in the pre-pandemic quarter i.e. Dec, 2019-Mar, 2020. The panel B and C
have the rural and urban samples, respectively. The Mean (Y) are calculated from the pre-pandemic months of 2020
i.e. Jan-Mar. Standard errors clustered at district-month-year level reported in parentheses (*** p<0.01, ** p<0.05,
* p<0.1).
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Table 4.3: Impact of MG-NREGA on General Employment

Rural Urban Rural
Female Male
(D () 3) 4)

Post,, x Yearyp x NREGA 0.031%* -0.013 0.086***  0.010
(0.012) (0.013)  (0.020) (0.015)

Post,, x NREGA -0.002 0.003 -0.008 0.000
(0.005) (0.005)  (0.008) (0.005)

Yearapan x NREGA -0.036***  -0.033** -0.100*** -0.026
(0.013) (0.014)  (0.024) (0.017)

NREGA 0.000 0.003 0.004 0.002

(0.005) (0.006)  (0.008) (0.007)

Observations 346,836 683,210 159,842 186,993
R-squared 0.891 0.892 0.799 0.850
Mean Y 0.446 0.407 0.116 0.73
Difference (Post,,) 0.044%** 0.076%**
Fixed Effects

Individual v v v v
Month v v v v

Year v v v v

Dist x Year v v v v

Occ x Month-Year v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18) and Census
(2011).

Note: The classification of region and gender is as of quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020. The
average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per rural
inhabitant (Census, 2011) is the measure of historical MG-NREGA. Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. The interaction
of Post,, X Yearapgo is subsumed in the occupation-specific time fixed effects. Mean (Y) refers to the mean of
the dependent variable in the months before the national lockdown i.e., Jan-Mar 2020. Standard errors clustered at
district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 4.4: Impact of MG-NREGA on General Employment by Phase

Rural Urban Rural
Female Male
(1) (2 (3) “4)

Phase; x Yearsgo x NREGA  0.029  -0.012  0.076%** 0.011
0.021) (0.018) (0.029)  (0.025)

Phaser x Yearsm x NREGA — 0.030%*  0.002  0.076%%*  0.013
0.013) (0.013) (0.021)  (0.015)

Phaserr; x Yearsgo x NREGA  0.048%% 0015 0.131%%%  0.031
0.024) (0.027) (0.040)  (0.031)

Phase; x NREGA 0.001  -0.003  0.004 0.001
0.007) (0.005) (0.011)  (0.008)
Phaser; x NREGA 0.004 0005  -0.012 -0.001
(0.007) (0.006) (0.010)  (0.006)
Phaser;; x NREGA 0.032%% 0.011  0.016 0.041%%
0.016) (0.014) (0.026)  (0.019)
Yearspo x NREGA 0.029%  -0.024  -0.094%%% _0.014
0.015) (0.015) (0.027)  (0.018)
NREGA -0.009  -0.000  -0.005 0.011

(0.006) (0.005) (0.010) (0.007)

Observations 346,836 683,210 159,839 186,993
R-squared 0.893 0.895 0.802 0.853
Difference (Phasey) 0.041%* 0.065*
Difference (Phase;r) 0.028 0.063%**
Difference (Phaserr) 0.033 0.100%*
Fixed Effects

Individual v v v v
Month v v v v
Year v v v v
Dist x Year v v v v
Occ x Month-Year v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18) and Census
(2011).

Note: The classification of region and gender is as of quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020. The
average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per rural
inhabitant (Census, 2011) is the measure of historical MG-NREGA. Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. The interaction of
PhaserxY earsgzg, Phaserr XY earsgsg and Phaserrr XY earggzg are subsumed in the occupation-specific time
fixed effects. Standard errors clustered at district-month-year level reported in parentheses (*** p<0.01, ** p<0.05,
* p<0.1).
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Table 4.5: Heterogenous Impact of MG-NREGA on General Employment of Rural Women

Individual Household District
Characteristic (Z) Ever Less Previously ~ Young Poor Low
Married  Educated Employed Children Migrant
ey @) 3) “4) (5) (6)
Post, X Yeargp x NREGAXx Z  0.045%* 0.047%* 0.086 0.039%* 0.049* 0.118%***
(0.022) (0.026) (0.068) (0.016) (0.029) (0.048)
Post,, X Yearsgp x NREGA 0.049** 0.073%** 0.071%*%*  0.073*%%*  0.071*%** (0.049%*
(0.019) (0.018) (0.019) (0.021) (0.021) (0.018)
Post,, x Yearypy X Z 0.019% 0.015% -0.964%**%  -0.025%*%* 0.009 -0.029
(0.011) (0.008) (0.142) (0.005) (0.009) (0.014)
Yearag X NREGA x Z -0.042%**  -0.041%* -0.168*** -0.015 -0.017 -0.156%*%*

0.016)  (0.016)  (0.040)  (0.010)  (0.019)  (0.051)

Observations 159,842 159,842 159,842 159,842 159,842 154,269
R-squared 0.799 0.799 0.801 0.799 0.799 0.800
Estimate (Z=1) 0.094%**  (Q,12%*%*  (Q,157***  Q.111%** Q. 121**%* (0.166%***
Mean Y (Z=1) 0.138 0.165 1 0.122 0.155 0.095
Mean Y (Z=0) 0.038 0.101 0 0.112 0.105 0.142
Fixed Effects

Individual v v v v v v
Month v v v v v v

Year v v v v v v
District x Year v v v v v v

Occ x Month-Year v v v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18), Census (2011)
and Employment and Unemployment Survey, NSS (2007).

Note: The classification of all characteristics is per the quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020.
Ever married indicates individuals who were ever married. Less Educated is indicator for below primary education.
Previously Employed is indicator for those employed. Young Children indicates households with children aged
upto 12 years of age and Poor indicates households falling in the bottom two deciles of the distribution of PCA of
assets owned by a household. Low migrant is indicator for districts that have no out-migrants (NSS, 2007). The
average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per rural
inhabitant (Census 2011) is the measure of historical MG-NREGA. Mean (Y) refers to the mean of the dependent
variable in the months before the national lockdown i.e., Jan-Mar 2020. Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. There are fewer
observations in Column (6) because migration data for some districts are missing in NSS 2007. Standard errors
clustered at district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 4.6: Impact of MG-NREGA on General Employment: Robustness

IPW Placebo
Rural Rural

Overall Female Male Overall Female Male

(D ) 3 (€Y} ) (6)
Post,, x Yearag -0.050%**

(0.003)
Post,, x Yearypy x NREGA 0.089*** (0.008

(0.020) (0.016)
Post,, x Yearag -0.001
(0.002)
Post,, x Yearsgg X NREGA 0.017 0.011
(0.014)  (0.008)

Observations 1,025,526 158,788 185,843 1,141,207 180,884 204,749
R-squared 0.883 0.800 0.849 0.903 0.779 0.879
Fixed Effects
Individual v v v v v v
Month v v v v v v
Year v v v v v v
District x Year ve v v v v v
Occ x Month-Year v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18) and Census
(2011).

Note: Columns (1)-(3) report the Inverse-probability Weighted (IPW) estimates for robustness to attrition and
Columns (4)-(6) report the estimates from the placebo check. For attrition, the IPW weights are calculated using the
location, PCA of assets owned and observed household characteristics. The classification of region and gender
is as of quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020. The average monthly persondays generated
under MG-NREGA in the last five years (i.e. between 2014-18) per rural inhabitant (Census 2011) is the measure
of historical MG-NREGA. Estimates in Column (2)-(3) and (5)-(6) conditional on differential trends across
occupation, with individuals’ occupation measured in the quarter preceding the pandemic. Standard errors clustered
at district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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4.A Appendices

4.A.A Additional Figures and Tables

Figure 4A.1: Average MG-NREGA persondays (2014-18) per rural inhabitant
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Source: NREGA Public Data Portal (2014-2020).
Note: The districts with missing data for MG-NREGA are colored grey.
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Figure 4A.2: Employment by Year, Region and Gender

wn
@
«© —
S9 ool ) o
B I o RN
9
S o
51 [
W
Q™M
s
£
5 e
c ™
[=}
£
G ™ T
g
224
~
N
['e]

[ T T T T T T !
o 1 2 3 4 5 6 T 8 9 10 1 12
Months
[----- 2019 2020
(a) Year

w -

45

4

.35

Proportion of People Employed
3

w
(\l_ T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12
Months
————— Urban 2019 Urban 2020
————— Rural 2019 Rural 2020
(b) Region
i ’,/——- N /’,/—‘-“\ //
4 - N - \\\ e

Proportion of People Employed
0.05.1.15.2.25.3.35.4 455 55.6 .65.7.75

0 1 2 3 4 5 6 7 8 9 10 1" 12

Months
————— Male 2019 Male 2020
————— Female 2019 Female 2020
(c) Gender

Source: Consumer Pyramids Household Survey (2019-2020).
Note: The classification of region and gender is taken from the quarter preceding the pandemic i.e. Dec, 2019-Mar,
2020.
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Table 4A.1: Summary Statistics (before national shutdown)

Variable Obs Mean S.D. Definition

Panel A: General Employment

Overall 269850 0.42 049 Proportion employed
Region

Rural 92834 045 0.50 Proportion employed in rural areas
Urban 177016 041 0.49 Proportion employed in urban areas
Gender

Men 144227  0.71 0.45 Proportion of men employed
Women 125623  0.09 0.28 Proportion of women employed
Gender (Rural)

Men 49951 0.73 044 Proportion of men employed
Women 42883 0.12 0.32 Proportion of women employed
Gender (Urban)

Men 94276  0.70 0.46 Proportion of men employed
Women 82740 0.07 0.26 Proportion of women employed

Panel B: Employment type

Casual 269850 0.15 0.36 Daily/monthly wage labour
Salaried 269850  0.07 0.25 Permanent salaried work
Selfemp 269850 0.20 0.40 Self-employed
Unemp (Involuntary) 269850  0.06 0.23 Willing to work but not finding work
Unemp (Voluntary) 269850 0.52 0.50 Not willing to work

Source: Consumer Pyramids Household Survey (2019-2020).
Note: In both the panels, we use the pre-pandemic months of 2020 i.e. January-March. The sample includes all
individuals aged 15-59.
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Table 4A.2: Impact of Lockdown by Type of Employment

Employed Casual Salaried Selfemp Unemp NotinLF

(D 2 3 4 ®)] (6)
Panel A: Rural Female
Post,, X Yearag -0.010*  -0.008** -0.003%*%** 0.001 0.013%*=* -0.003

(0.005) (0.004) (0.001)  (0.003) (0.004) (0.006)

Observations 159,843 159,843 159,843 159,843 159,843 159,843
R-squared 0.769 0.710 0.775 0.724 0.634 0.752
Mean (Y) 0.116 0.057 0.009 0.05 0.033 0.851

Panel B: Rural Male

Post,, x Yearsp -0.083%%% _0.064%%% _0.018%%% 0006 0.049%%% (,034%%%
(0.006)  (0.007)  (0.003) (0.006)  (0.006)  (0.004)

Observations 186,993 186,993 186,993 186,993 186,993 186,993
R-squared 0.841 0.708 0.756 0.762 0.576 0.832
Mean (Y) 0.73 0.26 0.054 0.396 0.062 0.208
Fixed Effects

Individual v v v v v v
Month v v v v v v
Year v v v v v v
District X Year v v v v v v

Source: Consumer Pyramids Household Survey (2019-2020).

Note: In all panels, the sample includes individuals aged 15-59 who are classified into one of the employment
categories as per their employment status in the pre-pandemic quarter i.e. Dec, 2019-Mar, 2020. Panel A and B have
the female and male sample from rural regions, respectively. The Mean (Y) are calculated from the pre-pandemic
months of 2020 i.e. Jan-Mar. Standard errors clustered at district-month-year level reported in parentheses (***
p<0.01, ** p<0.05, * p<0.1).
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Table 4A.3: Impact of MG-NREGA on Hours Worked

Rural Rural Women Hetero (Z)
Individual Household District
Overall Female Male Ever Less Previously Young Poor Low
Married Educated Employed Children Migrant

) (@) (3) () (6] (6) (N ®) ()]
Post,, x Yearysy x NREGA 0.158  0.441%*%* 0.028

(0.143) (0.131) (0.246)
Post,, x Yearspy x NREGA x Z 0.272*%  0.427**  0.584 0.251 0.340  0.563%**

(0.156)  (0.217) (0.467) (0.173)  (0.234) (0.294)

Observations 90,672 41,558 49,114 41,558 41,558 41,558 41,558 41,558 39,896
R-squared 0.856  0.820 0.792  0.820 0.820 0.823 0.820 0.820 0.818
Mean Y 3.443 0.798 5.714

Mean Y (Z=1) 1.045 1.137 6.888 0.853 1.083  0.657
Mean Y (Z=0) 0.292 0.696 0 0.776 0.721 0.976
Fixed Effects

Individual v v v v v v v v v

Occ x Month-Year v v v v v v v v v

Source: Consumer Pyramids Household Survey (2020), NREGA Public Data Portal (2014-18), Census (2011) and
Employment and Unemployment Survey, NSS (2007).

Note: The classification of all characteristics is per the quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020.
Ever married indicates individuals who were ever married. Less Educated is indicator for below primary education.
Previously Employed is indicator for those employed. Young Children indicates households with children aged
upto 12 years of age and Poor indicates households falling in the bottom two deciles of the distribution of PCA of
assets owned by a household. Low migrant is indicator for districts that have no out-migrants (NSS, 2007). The
average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per rural
inhabitant (Census 2011) is the measure of historical MG-NREGA. Mean (Y) refers to the mean of the dependent
variable in the months before the national lockdown i.e. Jan-Mar 2020. Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. There are fewer
observations in Column (9) because migration data for some districts were missing. Standard errors clustered at
district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).

143


https://nregarep2.nic.in/netnrega/dynamic2/DynamicReport_new4.aspx

Employment Guaranteed?

Table 4A.4: Heterogenous Impact of MG-NREGA on General Employment of Rural Women

Individual Household District
Characteristic (Z) Ever Less Previously ~ Young Poor Low
Married  Educated Employed  Children Migrant
) 2 (3) (€] (5) (6)
Post,, x Yearys x NREGA x Z  0.045%* 0.047%* 0.086 0.035%* 0.049%* 0.118%%*
(0.022) (0.026) (0.068) (0.018) (0.029) (0.048)
Post,, X Yearys x NREGA 0.049%* 0.073%#%  0.071%*%*%  0.077*%*%*  0.071%%*  0.049%**
(0.019) (0.018) (0.019) (0.020) (0.021) (0.018)
Post,, x NNEGAx Z -0.004 0.018 0.028 -0.003 -0.005 0.018
(0.014) (0.014) (0.041) (0.010) (0.014) (0.016)
Post,, x Yearsp x Z 0.019* 0.015% -0.964%%*%  -0.024*** (0.009 -0.029%*
(0.011) (0.008) (0.142) (0.006) (0.009) (0.014)
Yearypa x NREGA x Z -0.042%%%  -0.041*%*  -0.168*** -0.014 -0.017 -0.156%**
(0.016) (0.016) (0.040) (0.010) (0.019) (0.051)
Post,, x Z -0.003 -0.006 0.113 0.009%* 0.001 -0.014*
(0.007) (0.005) (0.082) (0.004) (0.005) (0.008)
Yearap X Z -0.021%%%  -0.011%*%  0.842%**  0.022%**  -0.014**
(0.008) (0.005) (0.083) (0.003) (0.006)
Post,, x NREGA -0.004 -0.012 -0.013 -0.007 -0.006 -0.017
(0.010) (0.009) (0.008) (0.009) (0.010) (0.011)
Yearap x NREGA -0.067%%% -0.091%** -0.070%**  -0.096*** -0.087*** -0.050%**
(0.026) (0.023) (0.021) (0.023) (0.023) (0.018)
NREGAx Z 0.007 -0.011 -0.065* -0.008 0.005 -0.011
(0.014) (0.018) (0.036) (0.015) (0.017) (0.015)
NREGA -0.001 0.006 0.015% 0.007 0.002 0.012

0.010)  (0.008)  (0.008)  (0.009)  (0.011)  (0.011)

Observations 159,842 159,842 159,842 159,842 159,842 154,269
R-squared 0.799 0.799 0.801 0.799 0.799 0.800
Estimate (Z=1) 0.094%#% (. 12%** 0.157#%%  0.111%*%%  0.121%%*  0.166%**
Mean Y (Z=1) 0.138 0.165 1 0.122 0.155 0.095
Mean Y (Z=0) 0.038 0.101 0 0.112 0.105 0.142
Fixed Effects

Individual v v v v v v
Month v v v v v v

Year v v v v v v
District x Year v v v v v v

Occ x Month-Year v v v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18), Census (2011)
and Employment and Unemployment Survey, NSS (2007).

Note: The classification of all characteristics is per the quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020.
Ever married indicates individuals who were ever married. Less Educated is indicator for below primary education.
Previously Employed is indicator for those employed. Young Children indicates households with children aged
upto 12 years of age and Poor indicates households falling in the bottom two deciles of the distribution of PCA of
assets owned by a household. Low migrant is indicator for districts that have no out-migrants (NSS, 2007). The
average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per rural
inhabitant (Census 2011) is the measure of historical MG-NREGA. Mean (Y) refers to the mean of the dependent
variable in the months before the national lockdown i.e., Jan-Mar 2020. Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. The interaction of
Post,, x Yearagao is subsumed in the occupation-specific time fixed effects. In Column (6), the interaction of
Yeargpao X Z is absorbed in the District year fixed effects as migration is defined at the district level and there are
fewer observations because migration data for some districts are missing in NSS 2007. Standard errors clustered at
district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 4A.5: Heterogenous Impact of MG-NREGA on General Employment of Rural Men

Individual Household District
Characteristic (Z) Ever Less Previously  Young Poor Low
Married  Educated Employed  Children Migrant
(©)) (2 (3) (€] (5) (6)
Post,, X Yeary x NREGA x Z -0.018 0.053*#*% 0.003 0.021 0.075%%*  0.080%**
(0.025) (0.020) (0.026) (0.016) (0.024) (0.031)
Post,, x Yeary x NREGA 0.026 0.001 0.006 0.008 -0.007 -0.018
(0.021) (0.015) (0.021) (0.016) (0.017) (0.020)
Post,, x NREGAx Z 0.009 -0.002 -0.002 0.009 -0.011 -0.011
(0.013) (0.011) (0.015) (0.009) (0.012) (0.011)
Post,, x Yearap X Z 0.318%#%  0.030%**  -]05%#* 0.068*** 0.009 -0.021
(0.016) (0.011) (0.051) (0.008) (0.011) (0.014)
Yearypa x NREGA x Z 0.002 -0.005 -0.065*** 0.001 -0.002 -0. 128
(0.014) (0.011) (0.016) (0.009) (0.014) (0.035)
Post,, X Z -0.047%%* -0.010* 0.053%%* -0.008* -0.001 0.004
(0.009) (0.006) (0.024) (0.004) (0.006) (0.005)
Yearap X Z -0.228% %k -0.041% %k 0.978*kk  -0.050%*F  -0.02]%*
(0.011) (0.006) (0.027) (0.004) (0.007)
Post,, x NREGA -0.006 0.001 0.002 -0.002 0.002 0.002
(0.011) (0.006) (0.013) (0.006) (0.006) (0.006)
Yearygay x NREGA -0.037* -0.024 0.028 -0.025 -0.016 0.017
(0.020) (0.017) (0.021) (0.017) (0.018) (0.023)
NREGAx Z 0.020 0.008 -0.002 -0.016 -0.006 0.005
0.017) (0.012) (0.018) (0.010) (0.013) (0.014)
NREGA -0.008 0.001 0.003 0.006 0.003 0.001
(0.013) (0.008) (0.016) (0.008) (0.009) (0.009)
Observations 186,993 186,993 186,993 186,993 186,993 180,375
R-squared 0.855 0.850 0.852 0.850 0.850 0.849
Estimate (Z=1) 0.008 0.054%#% 0.009 0.025 0.068%#*  0.062%**
Mean Y (Z=1) 0.964 0.909 1 0.88 0.755 0.728
Mean Y (Z=0) 0.381 0.709 0 0.666 0.724 0.732
Fixed Effects
Individual v v v v v v
Month v v v v v v
Year v v v v v v
District x Year v v v v v v
Occ x Month-Year v v v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA|Public Data Portal (2014-18), Census (2011)
and Employment and Unemployment Survey, NSS (2007).

Note: The classification of all characteristics is per the quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020.
Ever married indicates individuals who were ever married. Less Educated is indicator for below primary education.
Previously Employed is indicator for those employed. Young Children indicates households with children aged
upto 12 years of age and Poor indicates households falling in the bottom two deciles of the distribution of PCA
of assets owned by a household. Low migrant is indicator for districts that have no out-migrants (NSS, 2007).
The average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18)
per rural inhabitant (Census 2011) is the measure of historical MG-NREGA. Mean (Y) refers to the mean of
the dependent variable in the months before the national lockdown i.e. Jan-Mar 2020. Estimates conditional
on differential trends across occupation, with individuals’ occupation measured in the quarter preceding the
pandemic. The interaction of Post,, X Yearspeg is subsumed in the occupation-specific time fixed effects.In
Column (6), the interaction of Yearapp X Z is absorbed in the District year fixed effects as migration is defined at
the district level and there are fewer observations because migration data for some districts are missing in NSS
2007. Standard errors clustered at district-month-year level reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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Table 4A.6: Robustness: Controlling for Alternative Measure of State Capacity

Rural Urban Rural
Female Male
(D () 3) “4)

Post,, X Yearspp x NREGA  0.023%  -0.017  0.082%%*  0.001
(0.012)  (0.014)  (0.020)  (0.015)

Post,, X Yearspy x Capacity 0.018%%% 0002  0.021%%%  (,023%%*
(0.005)  (0.004)  (0.004)  (0.008)

Post,, x NREGA -0.002 0.003 -0.007 -0.001
(0.005) (0.005)  (0.009) (0.005)
Post,, x Capacity -0.003 -0.000 -0.005*** -0.002
(0.002) (0.002)  (0.002) (0.002)
Yeargpzy x NREGA -0.031**  -0.030** -0.097*** -0.020
(0.014) (0.014)  (0.024) (0.017)
NREGA 0.001 0.003 0.004 0.003

(0.006)  (0.006)  (0.008)  (0.007)

Observations 329,123 642,159 151,523 177,599
R-squared 0.891 0.892 0.799 0.849
Mean Y 0.446 0.407 0.116 0.73
Difference NREGA (Post,,) 0.041** 0.0807%**
Difference Capacity (Post,,) 0.020%#** -0.001
Fixed Effects

Individual v v v v
Month v v v v
Year v v v v
Dist x Year v v v v
Occ x Month-Year v v v v

Source: Consumer Pyramids Household Survey (2019-2020), NREGA Public Data Portal (2014-18) and Census
(2011).

Note: The classification of region and gender is as of quarter preceding the pandemic i.e. Dec, 2019-Mar, 2020.
The average monthly persondays generated under MG-NREGA in the last five years (i.e. between 2014-18) per
rural inhabitant (Census, 2011) is the measure of historical MG-NREGA. ‘Capacity’ an index of state Capacity (i.e.
PCA index of provision of public goods and services mentioned above). Estimates conditional on differential trends
across occupation, with individuals’ occupation measured in the quarter preceding the pandemic. The interaction
of Post,, X Yearsgg is subsumed in the occupation-specific time fixed effects and Yearggeg X Capacity is
subsumed in the District-specific time fixed effects. Mean (Y) refers to the mean of the dependent variable in the
months before the national lockdown i.e., Jan-Mar 2020. Standard errors clustered at district-month-year level
reported in parentheses (*** p<0.01, ** p<0.05, * p<0.1).
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4.A.B Data Appendix
CPHS vs. PLFS

In the CPHS 84% of households follow the Hindu religion, 10% are Muslims and the remaining
are composed of other religions in CPHS. The caste composition of the sample is as follows:
21% Scheduled Classes (SC), 6% Scheduled Tribes (ST) and 39% Other Backward Classes
(OBC). The remaining 34% is constituted by other caste categories. These figures are very

similar to those reported in PLFS-2017-18.

Asset Index

We construct binary indicators of ownership of assets in the quarter preceding the crisis i.e.
December 2019-March 2020, that equals one for households that own it and zero otherwise.
These include - ownership of refrigerator, air conditioner, cooler, washing machine, television,
computer, car, two-wheeler, inverter, tractor and cattle. We then use the Principal Components
Analysis (PCA) to generate the asset index (the first principal component) over these indicators.
We generate deciles of the asset index separately for rural and urban regions. The households
falling in the bottom two deciles of this distribution, for their respective region, are classified as

poor households.

Migration

We use the NSS Employment and Unemployment Survey 64" Round (2007-08) to construct
a measure of district level, rural seasonal out-migrants. NSS records data on the members of
the household that were away from home in search of work for up to six months. We take a
weighted sum of the number of household members residing in rural areas that migrated for work
from a district. This provides us migration data for 470 Districts of the total of 502 Districts for
which CPHS data (2019-20) is available. For the remaining districts, out-migration data could
not be mapped to the CPHS districts and is thus missing. We use this measure of rural seasonal
out-migrants to construct an indicator for low migration districts. ‘Low migrant’ district takes
value one when the reported number of out-migrants are nil and zero otherwise. 64% of the

districts in our analysis are low migrant districts.
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Inverse-probability weights

A total of 156,269 unique households were surveyed in January-August, 2019 and of these 79%
were present in January-August, 2020. We follow the standard Inverse-probability weighting
(IPW) approach which corrects for selection bias under the assumption that selection is de-
termined by observed household characteristics. We estimate the selection probabilities i.e.,
the probability of being present in 2020 for a household that was surveyed in 2019 using the
pre-pandemic location (rural/urban) of the household, the constructed asset index and other
observed household characteristics. Household characteristics include - ownership of mobile
phone by any member of the household, age group (based on the distribution of members of a
household by their age), income group (based on the annual income of the household i.e. the
income of all its members from all sources during 12 months), occupation group (based on the
composition of the members of the household by the nature of their occupation), education group
(based on the composition of the maximum education level of household members who are 25
years of age or more), gender group (based on the distribution of members of a household by
their gender), water access group (based on the number of hours that a household receives water
during a day), power access group (based on the number of hours that a household receives
continuous electricity) and family size group (based on the number of members in a household).
These predicted probabilities are then used to generate the inverse probability weights for attrition
correction. Each household in the analysis is then weighted by these inverse probabilities of
being surveyed in 2020. While this approach addresses selection on observables, it cannot rule

out the selection on other unobserved or dynamic characteristics.
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Chapter 5

Conclusion

In conclusion, this thesis has examined the supply and demand side constraints to women’s labor
force participation. The study highlights the role of gendered social networks and norms in the
adoption of digital technologies and the potential of information on employment opportunities to
relax norms around women’s work outside home.

The research indicates the significant social costs faced by women in taking up work outside
the home which may not be fully offset by a reduction of job search cost. Domestic chores and
childcare responsibilities limit the mobility of women and result in high reservation wages. Faced
with these constrains and the narrow home-bound social networks, they continued to conform
to the norm of home-based work. The husbands network structure enhanced their labor market
participation, work intensity, and earnings. From a policy perspective, our findings underscore
the importance of keeping the network structure in the policy framework to enhance the labor
force participation of women.

Furthermore, our research shows that in the context of these social networks and norms,
shocks to the labor market exacerbate the extant gender disparities. Women suffer a double
whammy as they are impacted more by negative productivity shocks and lack access to coping
mechanisms to offset there adverse effects.

Social protection programs, like employment guarantees with a special focus on women, can

play a crucial role in stemming job losses and aiding recovery, especially for mobility-constrained
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Conclusion

women. However, the effectiveness of these policies depends on state capacity, which is a critical
player in the development process.

In sum, this study highlights the need for policymakers to recognize the social norms and
institutional constraints that limit women’s participation in the labor market. Addressing these
challenges requires a multifaceted approach that considers the role of networks, information
sharing, and social protection programs, while also recognizing the critical importance of state

capacity.
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Household Survey

Field Question Answer

General Household Information ER T AT SATeThIT

Instructions: Please address the
following questions to the
respondent. The respondent for this
questionnaire should ideally be the
household head. But if the
household head is not available any
knowledgeable adult in the

household, either male or female,

can be interviewed.

e For Fafaf@a wRe Faerar &
TS | 38 RATGeN & foIT Searan smed
T Y R T AT Gl AR AfeheT
3R R & FGAT W A 30y 7T &,
IS ST FIEh, G AT AT, 1
HTETTchI foraT T Fehell &1

Kindly ask the respondent for the

full address of their household.
T fAarér ¥ =X & R 9T I |
General Household Information > Household Address ER & ATHIT STelshRT > ER ST Tl

l 15A Name of the Block selieh
! 15B House Number & &l dFs{
Floor Number (Enter 0 for Ground
l 15C floor) TR FeR (I35 Fel & forw 0
sTeh)
! 15D Name of the Colony Siaiteil &T #ATe
l 15E Gali Number 3Tl siFeR
l 1 What is youe full name? 3T9ehr T
AT FaT 82
l 16A First Name 9IH ATH
l 168 Last Name/ Surname aIRaTR&
= A/ Foe A
l 17 What is the name of the household
= head? & & HRETT &1 =1 FT §?
l 17A First Name 9 15T
l - Last Name / Surname W@
- ATH/ el AH
| 18 Specify your jati. 319eir STfd S8
1 SC aqfaa s (va )
Which of the categories do you 2 ST 3qgfd s s (v &)
I 19 consider yourself in? 3 OBC 3= Rroer a9t (3 & 4
39 Ge I 3o F Ty Aol 7 ATy 82 4 General SeRel
777 Other 31
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Field

Question

Specify the other category
3 g, A ORI FIE A

What is your religion?
3T & FATE?

Specify the other religion
3 §, A ORI FIE AR

What are the languages spoken in
this house? (Select multiple options,
if any)

8 T & ot A1 7T el ST 87 (%
et &1 T3 R, Il FSE)

Specify the other languages
spoken.

3 8, A I FIE A

Which state does the household
head originally comes from?

R & AR FT 7T 7T T4 31
&

Which district does the household
head originally comes from?

R & HET o fSTed & 7l 9 8 3T
&

For how many years has your
family been living in current
location?

HT9eRT IRER e ATell 3 FTATT T2ATT
WIETEE?

What is the type of your house?
379 BRI JhX 4T 87

Do you or any other family member
own this plot of land of your
house?

T 3T A1 379 IRAR HT Pl TG
5 'Y Y ST & Afors 87

9

Don’t know/ Cant say

%9 T 7Y / ST AT Tk

1 Hindu Rsg
2 Muslim #fEe#

3 Christiam 3a1$

777 Other 31

9

Don’t know/ Cant say

99 AT ALY / ST AT Heheh

1 Hindi &
2 Urdu 3§
3 Bhojpuri sieTglr

Pucca g&aT
Semi-Pucca 3TIT 9t
Katcha @zar

Don't know/Cant say
Gl T / el #7gT Hehcl
Yes &F

No =&r

Don’t know/ Cant say

T A& / ST ALY Tehel

Answer
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Field

Question

Are you or any other family
member the original owner of this
land?

AT 38 1fH & 3r8el/ TEel/ 7 Aol
&

Do you or any other family member
own this apartment/flat?

FIT 31T 3H 3UIEHT,/ Folc & HATfolh &7

Is your family renting this
flat/apartment?

ar T 39T IRAR 9 Fole/ 3TATéHeT 7
T R @A 82

What is the electrification Status of
the house?
TR T fasrenr i feufa ar &2

If other, please specify

3 &, Tl o TS |

What is the sanitation facility used
by the people in this household?
SH O A AN G@RT AT Y Ao arelr
Teedl/ dtrers giaen #3282

If other, please specify.

3o §, A o T A |

On which water supply source does
your family usually depend on?

It & R B W aRaR AR T 82

If other, please specify.

3§, ol AT TS R |

Do you have a ration card?
AT 379 RAR & T AT TS 872

What type of ration card does your
household have? (Investigator,
please ask for respondent’s ration
card and verify response. Note
ration card of head if multiple ration
cards.)

Answer

Yes g&f
No ¥
Don’t know/Cant say
9Tl 7T / el #7gT Hehcl
Yes g&f
No ¥
Don’t know/Cant say

AT Y / 9T 8T Tehek

Yes @f
No =Tgf
Don’t know/Cant say

IT ST / T AGT Tl

Electrified fosTelr &
Not electrified fSstelr w8 &
Other 37

Private pit-latrine &St fe-gi=merr
Community Toilet FHerar eit=mer
Open defecation el # 2iter
Other 3=

Public tap @Tdsifeieh sTel

Handpump g89&T

Water Tank dreft & &t

Private household tapwater connection fsft eRe] 7T Fotareret
Other 3T

Yes &
No =T&f
Don’t know/Cant say

AT Y / T 78T Tehek

PR df 31R

PRS & 3R wH

Antyodaya Anna Yojana (Red) 3icaigd 3fe<T Artell (elTeT)
Other 3=
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Field Question Answer

20T TS T THR (FIAT ST
TR 78 & ToIT g 3R STare i gise
F| A T F FACT VA FTS §
AR & T FS F e )
| If other, please specify 3= gar
“ FUAT T[T H |
Following information is to be
collected for those members who
regularly reside with this family, are
currently residing and eat from
same kitchen.
frafaf@a ura aRar & 3 g &
SR H & 3T 3H-dR W 3@ IRaR & arg
TEAE A ITAA H g1 @ @ 8 IR T
ST @A A &
Enter the details of the head of the

HH in the first row, followed by

details of the other members of the

HH.
I Tl SfFd 7 ER & FHE T RRT gor
R, 3 91 W & 3T HEEAT T
e
Details of the household members > Demographic
Composition of the household (1) (Repeated group)
ER & HEET T fAa0T > B Y STefaiieden I (1)
l 12 Individual 1D =afFa ID
l 43 Name #TH
1 The household head R & #f&mar
2 Spouse 9fa/dcr
3 Son/Daughter g3/ 93T
4 Father/Mother Tar/&f
5 Son-in-law/Daughter-in-law THTE/ g
6 Brother/Sister $1TS/dgsT
m Relationship with household head
l 44 EITa?ﬂﬁ.?'QT P 7 Father-in-law/Mother-in-law &g/ &8
8 Grandparent &IeT/arer/ e/l
9 Grandchild drdr/ drdlr/ aTcl/ anfde
Sister-in-law/Brother-in-law  #msfr/
10 areh) srereh e i 4R e
11 Nephew/Niece $TIST/ ST/ AT/ $Tisiy
777 Other 37T
1 If other, please specify 3= gar
l 45 FOAT TT H |
(] . 1 Male &9
l 16 Gender fofar » Female ARt
i Age (in years) (Enter 0 for infants)
v 3 (et #) (Rey 3 faw 057
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Field Question Answer

n Age (in months for infants) 3g
B (3%, e vy &5 o)
1 Unmarried 3f3area
2 Married 2mTéreLer
! 49 Marital status darfee fafa 3 Widowed faerar/ fag
4 Divorced BRIERICH
5 Separated 9fdl/dcstr & 37cwT
! 50 Couple ID SETID
Not Educated 'S Uers =1gT &r
1% class Ggol el
2" class gET FET
3" class ey &
4™ class =ty e
class 9radr et
6" class TeEdr wmeT
7" class @TAY FHET
8" class 3madl aT
9" class wGHT FHET
10" class &l Seat
11" class TIREET wel
12" class SR} et
Graduate F5[UC (BA/BSc/BEd/BCA)
Uncompleted Graduate degree HHN@G!GE
Post Graduate H¥C AS[TE (MA/MSc/MCA)

o o2} N [o)} ol W (65} N —= o
l
5

l 51 Education Level RI&T ¥R

Y
g ok~ W N = O

Graduate & uncompleted postgraduate degree 37T

2

Diploma or technical training, specify fSTellAT AT dehaitehr
gfR1aTor, FOvC HE

777 Other, specify 3=, TIST

16

17

If other, please specify 3= &, dr
! 52 .

FIAT T A |

If diploma or technical training,
l 53 please specify 319K f3caliaT a1

TheirehT IRTEToT, TS Y

Wage labourer in factories
FoTIT (FR@TsT/ erer )

2 Wage labourer in construction TGl (FECHIT/ FelGRT #)

== Wage labourer in domestic work HSTglr (ERT # HETs/ @I
l 54 Occupation HET IIATT 3
2 SeATeT 2T HTH)

4 Casual Labour in other FeTgdl (3/53)

Self- employed in retail activities Fa-IISeTR ()
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Field Question Answer

6 Self- employed in own business manufacturing ¥a-JISTaTR
(3

7 Self- employed in other TI-ITR (375)
Salaried employee at non-govt (or private) sildr (X

§ THRT (non-govt or private))

9 Salaried employee at government siahT (TRHRY)
10 Housewife Fjfgofr

11 Unemployed sRISTETIR

12 Student &TF/BET

Cannot work due to disability/ ill-health faseleTar /
HETELAT & HIOTHIH TET HT Tohel

14 Retired RerTg (Retired)

13

15 Too young to work T &l & T sgd orel 34
777 Other 3=

[} If other, please specify 3= g ar
l 55 ‘
PO TTE A |
Selection for individual questionnaire SIFATT T=ATTe & folT TTA

Just to clarify: is [fam_namel] the

) household head? TdaToTeRar, e & 1 Yes &
I 56 gfe ¥et & foIT 42 31 [fam_namel] .
- 0 No af

58 IRER & HiEw g ?

From the household roster, choose
a young couple for the individual
survey on the following criterion: (a)
select the couple for whom the sum
of their ages is the least amongst
all couples. If there is more than
one couple with same minimum
sum of ages, then select based on
the second criteria. (b) For the
couples with the same minimum
age, look at the ages of the
females and select the female
couple_selection_note member who has the youngest age.
Select her and her husband for the
survey.
R IR W, BT AT N e
FEETOT o ol T Tah gar SIS &I gai: (1)
3 SIS I Yol ToTaTehl 38 T STAT Tl
Sirst & et o €1 If v I 3R S
& [SaehT 33 &7 ST R & 3R T&r
& 8, 7l gat HIES o IR TG |
(2) T FHHF AR RIS 37 arel s A
AR A 37 A o | S TR
I Al &, 38T 3R 38 9fd &1
FERTOT & forw ol
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Field Question Answer

Select the man's name from the list
i who will be interviewed.
T Y 3 ST 1 A oA, T
HTETThIR I |

Select the woman's name from the

list who will be interviewed. T &

' 39 3R T A1H oA, ToraenT FTETeh
gram |

Just to clarify: are [man_name] and
. [woman_name] husband and wif.e? 1 Yes &
B o, T & g T 3 fare O _
T [man_name] 3R [woman_name] 0 No et
ofet 3 o €2
Enter the couple ID corresponding to
[man_name] and [woman_name] from
| 60 the household roster. [man_name] 3k
[woman_name] & 3eT&q W AT H
T ST/ FTeT IS ST |
Please provide the following details
about your household’s asset
ownership: 9T 391 B 1 GufT &
TR # faf@d e see
Do you or anyone in the household
possess box TV? &1 39 AT 39 1 Yes &
. IRaR & el TGeET F g SlFg el (g No 8T
aar g

How many do you or anyone in the

I note9

household own? (enter total for all

members) IRAR & TF TETAT FHT

e el §em 3 a8 3% 87

Do you or anyone in the household

possess LCD/LED TV? Faramgar 1 Yes &
39k IRAR & fohdll T8I & 91 0 No =@r
ToRiTSY/ TordT Erar 8?7

How many do you or anyone in the

household own? (enter total for all

members) IRER & T TGN HT

AT fohclell ear # 9 avq &2

) Do you or anyone in the household 1 Yes &
|63 possess fridge? T 3T AT 3TTh !
' o s R T T B 0
How many do you or anyone in the

household own? (enter total for all

members) IRAR & T TEEAT HT
[GEERSCTE R b
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Field

Question

Do you or anyone in the household
possess wall clock? T 39 T 3T
IRER & e HEET & IrF SIaR T g8
&2

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T FEEAT FT
TRy el e & 9 g 82

Do you or anyone in the household
possess LPG Gas stove? &3r 319 ar
39 IRAR & Y e & I
Tordrolt 3 el 87

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T FeEAT FT
TR el we 7 9F avg 87

Do you or anyone in the household
possess cycle? T 31T IT 3TIH
IRER & T TeeT & I AsEd 82
How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TEEAT HT
fAeTeRT el Hear # 78 aeq 82

Do you or anyone in the household
possess scooter or bike? =T 3T AT
39 9RER & fardlt HeEa & arg

TR /ASH B2

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TN HT
TAeent fohelell T # Ig a&q 872

Do you or anyone in the household
possess car? &7 31T IT HT9% IRAR
& fordll Feeg & 9T PR E?

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TGEAT BT
TAeent fohelell T # Ig a&g 272

Do you or anyone in the household
possess a ceiling or a table fan?
AT HTT AT AT IRAR & T T8 &
Iy g@r (ceiling or table fan) &

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T FEEAT FT
TAeTeR fohciell Fear # 9 a&q 87

1 Yes @&
0 No =igf

1 Yes @&
0 No =i&f

1 Yes &
0 No =&r

1 Yes &
0 No =gt

1 Yes @&
0 No =i&f

1 Yes @&
0 No =&rf

Answer
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Field

Question

Do you or anyone in the household
possess cooler? T 31T IT 3TIh
ARER & el TeET & 918 FHoRk 87
How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TEEAT HT
TAeenT fohelell T # Ig a&g 872

Do you or anyone in the household
possess AC? 3T 319 IT 39 IRAR
& el TEET & I aldlfqeish (W
HEAR) §?

How many do you or anyone in the

household own? (enter total for all
members) IRAR & T FeEAT FT
TRy el dear & 9 v 82

Do you or anyone in the household
possess computer/laptop? T 319 AT
39 IRAR & Y T & arg
FFYEI /U §?

How many do you or anyone in the
household own? (enter total for all
members) IRAR & TF TETAT HT
fAeTeRT el Hear # 78 aeq 82

Do you or anyone in the household
mobile with internet? T 39 a1
39 IRER & Rl T & 91 Seteie
arem AaTSo 87

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TN HT
TAeent fohelell T # Ig a&q 872

Who owns it? e ard &2

Do you or anyone in the household
mobile without internet? =T 3119 ar
39 9RER & fardll HeEa & arg
AarSer f9aT XA #1872

How many do you or anyone in the
household own? (enter total for all
members) IRAR & T TELAT HT
TAeTenT fohelell T # Ig a&g 272

Who owns it? et 9rd &2

Do you or anyone in the household
possess sewing machine? &1 39
1 39k IRAR & fardll Feeg & e
GRIEENICE

How many do you or anyone in the
household own? (enter total for all

1 Yes @&
0 No =i&f

1 Yes @&
0 No =i&f

1 Yes &
0 No =i&f

1 Yes &
0 No =gt

1 Yes &
0 No =gt

1 Yes @&
0 No =i&f

Answer
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Field

Question

members) IRAR & T TETAT HT
fAeTeR forcielr dear # 9 a&q 87

Do you or anyone in the household

Answer

Yes &
possess land for farming in village? No g
o
T 3T A7 379 IRAR & fordl d68 & . !
e ot & e A ~ 999 Don't know/Cant say Gl #¥gl / &l gl Hehel
g STHIA g7

How much in acres do you or
anyone in the household own?
(enter total for all members) RaR
& 9 GeEdl HI AT fahcstr & et 7
&2

Do you or anyone in the household
possess rented land for farming in
village? T 319 IT 31T9h IRAR &
R TeTg & are e H W & o o
TS faTT Y S &2

How much in acres do you or
anyone in the household own?
(enter total for all members) RaR
& AT FeTT FT AT fhdell & Tt H
&

Do you or anyone in the household
possess farm animals (eg. Cow,
bullock, goat etc)? T 3T T 3%
IRaR & el Hee s & I Ge & A
SR (SR 3T, &7, T 3R 27

1 Yes &
0 No #®@r
999 Don't know/Cant say UdT sIgT / ST =Tgl Tehcl

1 Yes gf
0 No #&r
999 Don’'t know/Cant say UdT sTgl / &I =Tal Tehel

How many do you or anyone in the

household own? (enter total for all
members) IRAR & T FeEAT T
e et wer 782
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Individual Survey

Field Question Answer

Basic Information > Respondent's Name AT ST > 3AXGIAT I «1H

What is your full name?
JTIeRT QT AH T 82

16

i 16A First Name 9I& =13

i 16B Last Name/Surname WIRaIRe A#H/Fe #ATH

I 17 Select the gender of the individual. 1 Male g&%

|| cafFa &1 ol g 2 Female Afger

Basic Information > Respondent's Father's Name ##T STehl > 3Raldl & Ul &l =T

What is your father's full name? 39 T
& QT AH F2A §?

18

. 18A First Name 9 &1

18B Last Name/Surname WRaIRe ATH/Eer ATH

Basic Information > Respondent's Spouse's Name A ST > 3Gl & oilde] AT &l =1

. 19 What is your spouse’s full name?
HTF ATt TR A FAr g2
. 19A First Name 9I& =13
. 198 Last Name/Surname WIRaRe ATH/e AT
Please note the spouse's ID from the
I 20 household roster dfel/ael & ERe TEeX & ID
dre &=
i 21 What is your jati? 3Taehr Sfar &ar g7
i 22 How old are you now? 39 fhdsl &Tel & &I7?
I 23 How long have you been married? (in years)
= I ATET T vl AT gU 82 (@Telt &)
I ” Do you have any children? T 3q% @IS 1 Yes &
| T 22 0 No =gl

Investigator,please ask the following

questions on basic details about the children
I children_note starting from the eldest.

TeT, FOA FEY a3 ¥ 9 OR e & an

# T I aTel §iAIET Farel Seerdr ¥ Sl

Marital History > Please answer some basic details about your children

starting from the eldest. (1)

S SRERT > G Y W @ A O A & At go gead | e 90u)

Rt &1 3) &1 (1)

Age of the child (in years, enter 0 for

infants)

T A 3wy (@ A, Ry & B 0 @ )

Gender of the child g=a & fefar 1 Male G&¥
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Field Question Answer

2 Female &fgem
. 27 Does he/she reside with you? 1 Yes gl
FIT 9§ T /T FA/E 872 0 No =&t
1 Studying TS

2 Working AteY/ara
Looking for work or
3 unemployed & &

. - What is he/she currently doing? Jemer F A RIS
el g FA F IR 872 Too young to work or
. go to school 9g=T T
FH F & v agd
orer &
777 Other 37T
If other, please specify. 3= §, dF Fr
. 29 T H |

What is the highest level of education you
I 30 have achieved?
; o e o s A 2
Investigator, please ask the next questions
from the respondent related to his/her
educational qualifications. Add more rows if
I 31 there are multiple degrees.
FdRTH |, FIAT ITNalT § 3HH RIaT § Fefea
M A AT TS g8 | U ¥ iU Bl &
AT 291 & 3R dfFaar (Add row) S|

Education > Education Details (1)3€3d=1 > Ri&m 33t &1 faawor (1) (Repeated group)

BA

B.Com
BS/BSc

BCA

BBA

B.Tech

MA

M.Com
MS/MSc

MCA

11 MBA

12 M.Tech
11th/12" Science
112" arga

Name of course/degree
FRT & A / Bt

32

© 0 N O g b~ W N =

—_
o
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33

34

w
[8)]

w
[e2)

w
~

i39

I42

I note

Field

Question Answer

11th/12th Commerce

11"12" ey
.5 11th/12"™ Arts 11%/12"
T

777 Other 3=
If other, please specify
I §, o P T R
1 School et

2 College ot
3 University Ifeafder
Where was this degree completed from? Industrial Training
g 33 &gl & ¢ ¥ 1% oA 4 Institute e
gfefor FEare (171)

5 Polytechnic dfforeiFae
777 Other 3T

If other, please specify 3= &, dF FHT FIT

|

Name of the institution €T &HT AH

Which state is the institution located in?

TEu B TeT A ua &7

Which city is the institution located in?

e fh e A g €7

Private Institution

gIgde AT
What is the type of institution? TEUTA T 5 Public Institution
THR WHERT FEATT
Don’t know/ Cant say
999
gar 7Y
1 Regular 3[R
What is the type of the course amongst the oo sx
P 9 Correspondence &R¥TisT
following?
(R &)

Arfaf@a & ¥ 59 R # ST 87
3 Part Time 9 TI8H

What was the duration of the course? (in

years)

T 3afT (@rer )

Have you undertaken any other degree for 1 Yes &l
example diploma or skill or technical 0 No =®@r
training? Refuse to say 3 &

T T FE T BN GRA FAE I O e R
HIS HIeAST AT Tehelih ITAGTOT IT Beahar? 999 Don’t know TaT &Y

Investigator, please ask the next questions

from the respondent related to his/her skill
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Field

Question

or technical training. Add more rows if there
are multiple degrees.

qdETH |, PIAT ITCTA H IHAT Hieqer AT
dereliehl GRIGTOT & Heftid 3TET 377 arel |arel
W ¥ AUF F v a7 3R dfeaar
(Add row) 3|

Education > Skill details (1) 37&TJ > HiAST AT dehellchl FRIGTOT HT TFaROT

(1)

Name of the course/degree.

Y FT A / Bl

Answer

(Repeated group)

Art ( e.g. Painting,
Music, Dance, Pottery,
Craft etc) Fel (S &
e & T T,
Rreq 3mfe)

Automobile (e.g. auto
repair, mechanic)
JTeAEST (S 3ifer
A, Hafereh)

Beauty and wellness
(e.g. make-up, hair
cutting, massage) SFEr
TS JoE (S AH3,
STl e, ATfern)

Civil (e.g. construction)
g (GO & Feca
3mfe)

Computer FHTFeX
Electrical galfagenet
Fashion Design et
ECIEE]

Hospitality (e.g. chef
course, hotel
management)
gIRaefard (S A,
gleer Heisteie)

Garment (e.g. stitching,
tailoring, embroidery)
TRAT (S R e,
IS, FAS 3TE)
Information Technology
SRR

e el
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Field Question Answer

Interior Design and

11 Decoration SERIT
Barset 3R Feae
Library and Information
Sciences
QEcrerd 3R gEa
EEICH
Modern Office Practice
(e.g. secretarial

13 course)3mygfd ey
IJFAE (S R Tl
FT HI)

14 Pharmacy W
Sports/Yoga/Gym
GaAEm/fGH7 R
Education (e.g. teacher

16 certification) e (S
& Rierr aféfhaere)

777 Other, 31T

If other, please specify. 3= g, dF For
T |
2 College ot
3 University gferafédr

Industrial Training

4 Institute 3iARIH
gfretor TEAT (1T1)

5 Polytechnic diferr&Fae

777 Other 3T

Where was this degree completed from? Jg

Rt et & o & 7 M2

If other, please specify. 3= g, dF Fwr
e al |

Which state is the institution located in?
T R e 7 Tua g2

Which city is the institution located in?
e fra T & ffua g2

Private Institution

. .
What is the type of institution? TEUTeT T . o
- 5 Public Institution
' TSR GEATT

999 Don'’t know Udr #gr

What is the type of the course amongst the

i 1 Regular 3[R
following? FFafaf@a & & fFa 9R &1 ST o s
- ) Correspondence &R¥TIST
' (R §3)
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Field Question Answer

3 Part time ¢ e8H

. 51 What was the duration of the course? (in
- months) &Y #T 3 (FEAT )

Mobile HisTSer

1 Yes @

I 5 Do you use a mobile phone? &1 39 0 No =%t

= AISS Blel SEAATT A 817 Refuse to say 3dX &eT
888
q Fr fRar

—_

Self gg =1

Spouse Teeil-gfd &
Children s==r
Sibling #TS-sg+T
Friend gred

777 Other 3T

i 53 Who owns the mobile phone you use? 39

St ASTSS STAATST F @Y ar foraer 872

a » W0 N

Refuse to say 3% a7
888

§ FHer T
I " If other, please specify 3/ &, dF FHAT FIT
= Exd|
1 Yes &
Can you provide us with the mobile number .
_ ) 0 No &gf
I55 you use? AT 319 §H 3% aRT 39T fohw .
. y Refuse to say 3@
T AASAT AR Teled F bl &2 888 Y
¥ T T
I 56 Please provide us with your mobile number.

- FIT Ase TR ST

Do you send or receive text messages using 1 Yes g

I - a mobile phone? T T ASSA Bl H 0 No =gt
3T e IT6 WLYRHFE FAST fold & a8 Refuse to say 3% a7
ared A 87 T A fomar
Do you have any social networking apps like 1 Yes gf
l 58 whatsapp or facebook on your phone? 3m9&% 0 No =gl
BT # FS AR Bz S & degsT ar 888Refusetosay3ﬂ?2‘ﬁ
hagh SiET e g7 T A fomar
Native Home ¥eT$er arell &R (SIeH &I I9T8)
1 Yes @
m Is Delhi your native home? &ar &eell 39 0 No =i&r
f s
S qfA (YgF W) 82 288 Refuse to say 3@ &eF
T A far
Is your native home city or a village? 3Tqehr .
l 60 o 1 City &Y
STeA A Y § A Mg ? .
2 Village da
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Field Question Answer

Refuse to say 3R &
888
q A fmar
999 Don'’t know TdT #gr
What is the name of your native home?
U ST A (Yo ER) T A T 82
In what state is your native home? 3dehr
S A (Y W) e TT A7 82
In what district is your native home? 3Tqehr
oA HfA (Y9 W) FiT ¥ Gea 7 &2
In what taluk/tehsil/sub-district is your native
home? MUl STer A (YJFER) HieT &
ArefehT/dEder (Ure) # g7

1 Yes &
Do you visit your native home? =T 39 0 No =@gr
IR SeH HfA (Y9 W) ST 87 888 Refuse to say 3@ &aF
q AT o

More than two times a
1 year I H gl IR &

it

Twice a year @rel & ar

EIES

Once a year Tl &

TUsh dX
How often do you visit your native home?

el R ST § 39 39a Y =2 4

Once in two years 2
el # TF a”
Once in three years 3
e H TF a”
Once in five years 5
el # TF a”

777 Other 3T

Refuse to say 3@% ¥
888
T A fomar

If other, please specify 3= g, al HHAT FIC
Eoy
How long have you lived in Delhi? (In years)
3T ool # fhds arell & @ W@ 87
Next, please fill details related to the
localities in Delhi the respondent has stayed
in.
319 o Gidarel garT ool & W g
Hro/aRadr & [FROT R | (FIAT/AdATH
Ficllal ¥ Y& FT §U)
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Field Question Answer

Native Home > Please answer the following questions related to the

localities in Delhi (starting with current) you have stayed in: (1)
(Repeated group)

YIS dTell B (SIeH HT SHT8) > FUAT 39 o # @ gU 3ven et &
TR 37T aTer URaAT & 3 & ¢ (1)

. 69 Name of your locality or colony rellal T
= TH
What is the duration of stay in this locality?
. 70 (Record in years) 3 Slellall & A I A
- (@Talt ¥ RS )
1 Marriage 2M&r
. . Reason for moving to this locality & et 2 r;;id;::;a::;(r
= H T & FIT HROT TEI7?
3 For work & & forw
777 Other 3T
. 2 If 9ther, please specify 3= §, A FIT FIC
Eadl
1 Yes @l
Did anyone help your family move to this 0 No #%&r
. 73 locality? 3 S9Tg & 37 & faIw =y 3mq i Refuse to say 3w &af
R o TErIar & A? 888 q T fmar
999 Don’t know 9dT =igr
1 SPOUSE dufd ar geir
2 PARENT Arar-faar
UNCLE/AUNT
3 /TS arsl g3/
ST /AE /AT AT
SIBLING/COUSIN g3
4 TS AT g / HioteT
IN-LAWS &gTer arel
. 24 Relationship with the person ::?I\E/\'/\IODRT:R _—
3ol ATy Redr 7 —t

NEIGHBOUR IN THE

8 SAME LANE t& &
e 3 oS
NEIGHBOUR IN THE

9 SAME BLOCK 3t
it % TR
NEIGHBOUR FROM

10 PREVIOUS LOCALITY
Y TR
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Field

77

78

79

Question

If other, please specify. 3= &, dF Fr
FTIT AR

If not a relative, is this person same jati as

you? 3PR RedeR =g, o &1 g 3aehr Smf
T 82

Does this person currently live close to you?

Fr gg 3790 3T F FAIF & W 87?

Are you still in touch with this person? =Far

T 337 8 3 wHE H §7?

How many times do you interact with this
person in a typical month? g # el aR
3T 398 Aed g7

777

888

999

888

999

888

999

888

8
777

Answer

NEIGHBOUR FROM
NATIVE HOME Yersefr
T § gsrEr

OTHER 3=

REFUSE TO SAY 3@
SN & FaAT fRaT

DON'T KNOW 9T 1Y

Yes gT

No =gr

Refuse to say 3R &
§ #Her fomar

Don't know 9dT sT&r

Yes &l

No =&Y

Refuse to say 3% o
§ Fr fRar

Don’t know GdT sTgr

Yes &

No =&r

Refuse to say 3R &
q A fram

More than four times a
month Al H IR aR
¥ s

Four times a month
Al # X §”

Three times a month
S & & §”

Twice a month #glaT &
ar SR

Once a month #Hg &
T dX

Once in 6 monts &
A A TF aX

Once in a year THh
e H Uh §R

Never 3t gT

Other 37

175



Field Question Answer

If other, please specify 3= &, dF FHT FIT
Eayl

How many times do you call/text this person
in a typical month? g & farcell IR 3T
3 W A FHAST A 817

If other, please specify

¥ g, o FIT TE

Occupation and Previous Employment cgaard 3R Uoem s

Wage labourer in

80

2]
—_

82

factories
Horgdl (FRET/
therdr )

Wage labourer in

2 construction :FGI@
(FEF=/
SelerT #)

Wage labourer in
3 domestic work FHsigdr
(RT F Fwrs/

GTeTl Sele] T )

4 Casual Labour in other

What is your main occupation? (In terms of ¢ Sqi (313)
i maximum time spent in last 12 months) Self- employed in retail
& TR AT cHadd &4 87 (Woer 12 #gar 5 activities FE-ISTIIR
#F HFIH AT AT A F T H) ({reen)

Self- employed in own

6 business manufacturing
FF-USR (3e2T)
Self- employed in
other FF-UNSTR (37)
Salaried employee at

8 non-govt (or private)
AR (R W)
Salaried employee at

9 government =ieir
(@)

10 Housewife Ffgolr

11 Unemployed sRISTR

12 Student SrE/BET
Cannot work due to
disability/ ill-health
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Field

| B
!85

Question

14
777

If other, please specify

FIAT T A |

Answer

AT / IEIEIAT H
FROT HH FgT HL Thod
Retired Rers (Retired)
Other 37

Are you working currently? 4T 39 3Tel-&er 1 Yes &

P FH F W] 82

0 No @Y

Occupation and Previous Employment > Current Primary Work c@a@rg 3R Ooer As@IR > aaa wafas
GIET/EaE)

. current_note

86

87

Investigator, please ask the respondent the
following questions related to his/her current
job! HeTh, 3TRETar T FAAE AHT F S
I Y A T I

Your position in this job & #AlLI/@T &
3TIERT Jrel/ag

For how long have you been doing this job?
(Record the answer in months) 39 fohder
AT ¥ TE FH N @ 02 (A 7 Jae
RS )

2
What is the type of your work? 3T9eT T
H JHR FAT &7
3
777
If other, please specify 3% &, dF FHT FIT
ey
1
2

What is the type of the company? &usir & 3
USSR FAT & ?

4
5
6
7

777

Wage Employed d=d@r
& faw Forey/atERy
Self Employed ¥@
TS & e 1 HE
Wage saccording to
Piece Rate g&hsT &
(¥ ¥2) & HFER
Aol

Other 31

Small Enterprise g
3egrer

Medium Enterprise
HEHA 3T

Large Enterprise &3
et

Retail ges/Rea
Services Haru/afddsT
Government ER&RT
NGO R TR Fareat
Other 3=
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M

e

-98

99

Field

Question Answer

If other, please specify. 3= &, dF For
e |

How many hours do/did you work in a day?
T T T H s 6 FH HA 8 ?

How many days of a week do/did you work
in this job? 3T Sifg & 3T g% & fhaer Rt
FH Fd 8 ?

How much do/did you earn monthly from
this job on average? (INR) 39 3 I/
§ AL &1 3adeT e FATT 82 (INR)

—_

Person =af&Fd
Newspaper ¥HATR 9

Internet EeI=ic
Job Fair Sife 5

~ O0N

How did you get information about this
work? 9T 8 HH & IR H AHRRT 5
el

Skill training Program
iereT TRIATOT FHIHA
6 NGO U St 3
SHG Group TH TT it
e
777 Other 31T
If other, please specify 3/ g, al HHIT FIC
ey
Did this person also help you or refer you
to the company or the employer? &1 39 1 Yes &
afed & e Awd o 7 Ao st a0 No =gl
HUAT 7 TIHr IET AT TRAr?
Did anyone help or refer you to the
company/employer for this work? a1 s& @& 1 Yes &
& fouw fRET & ST Agg T A FUA HIW 0 No =@r
(refer) feram?

1 Spouse 9fd AT Teelr

2 Parent Arar-faar
Uncle/Aunt

3 =T/ s/ g3/
QT AT/ AT
Sibling/Cousin &3 1S
IS8T / HiGHeT

5 In-laws &I aTel
Friend &%
Coworker Hgeh3T sl

Relationship with that person
e Aeg 1, 39 AfFd & WY FEu?
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B oo

101

103

104

105

106

107

Field

Question

Answer

Neighbour from the

8 same lane U & el
& gsIEr
Neighbour from the
9 same block 33 sdlfe
& ugidr
Neighbour from
10 previous locality qTer
REEI]
Neighbour from native
11 home Yersel T &
gerdr
777 Other 3T
as8 Refuse to say 3 &l
e fomar
999 Don'’t know UdT #gr
If other, please specify 3= g ar FUAT FISC
|
1 Yes &
0 No =&Y
Is this person same jati as you? &1 Jg
T 288 Refuse to say 3R &
§ #er fmar
999 Don’t know UdT =T&r
How long have you known this person? (in
months) 39 $& AfFd H FF T SATAd 872
(FE= )
1 Yes &
Does he/she work at the same place/ 0 No #@r
industry as You? . . 088 Refuse to say 3% oo
FIAT qF T FSEQ/IANT F FH F £7? q Fo R
999 Don'’t know UdT #gr
Are you still in touch with that person? o
31T 3 9N T A & T A tYes
0 No =@r

How many times do you interact with this
person in a typical month? 39 Ueh FgT &
0 afFd & @Y e sR e 82

If other, please specify.3/= §, dr FUAT TGS
Eay

How many times do you call/text this person
in a typical month? e #HglT & 39 fohdar
IR 3T AFT FT Fiel SFEC TS I 872
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Field Question Answer

. 108 If other, please specify. 3= &, dF For
= e |
Have you undertaken any primary work or
full time job in the past two years? (Apart
I 109 from the current work) T 39 er &t ast
N # FE wAffis A A Go-arsA Al B E?
(FFATeT AT & 37aTaT)

Investigator, please ask the respondent the

1 Yes &
0 No =i&r

following questions related to his/her
primary/full-time  job(s)! TdaTsh, 3aarar &
I ufEGE-ae AwRE ¥ I Iy
arel R YB | ( T AT & rarar 3R
AT A YE I 8Y)

Occupation and Previous Employment > Please describe all the

I pwork_note

primary/full-time jobs you have done in the past two years (except for your

current job if you have one) S¥aa™ 3R Foen ISR > For 3 T (Repeated group)
WAfASH/PA-CTSH ASRAT & aUel X St 3 Nl ar anf 7 i gl (T

Your position in this job & wAleR/EHET F
KIIECORRICTACY

For how many years did you do this work?
. - (Record the answer in months) & =i/
F MY Rreer Fer B (7 F ST
Repts &)
What is the type of your work? 3T9eT T
1z FT JhR FIT 872
If other, please specify 3 g ar FUAT FISC
|
What is the type of the company? @Usil &T
YRR FAT 8 ?

113

114

15 If other, please specify. 3= &, @ o
TS A

How many hours do/did you work in a day?
39 T G A fFde 8¢ &1 aa ¥ ?

How many days of a week do/did you work

116

117 in this job? & Sfd & 3T g% & haer et
FH XA & ?
How much do/did you earn monthly from

118 this job on average? (INR) 39 & wAtel/aHra

T #AG FT AT e FATT F 2 (INR)
How did you get information about this

119 work? 319! 3T & & aR H SR Ha
Fei?

180



B 2

121

122

. 123
. 124

. 125

126

127

128

129

130

131

132

133

Field

Question Answer

If other, please specify. 3= &, dF For

TS A

Did this person also help you or refer you

to the company or the employer? &1 39 1 Yes &
fad o U AR e 7 Aeg T A A 0 No T
FOAr H IR IHT AT Rar?

Did anyone help or refer you to the

company/employer for this work? a1 5& @& 1 Yes &
& fov Rl & 39T Agg & I FUr A IW 0 No @l
(refer) fmaT?

Relationship with that person S@er #igg &,
39 AfFd & Y Fey?

If other, please specify. 3= &, dF For

TS A
1 Yes &
0 No #/&r
Is this person same jati as you? &1 Jg Ref =
efuse to say 3™
afFd 3mask Sfa i 82 888 Y
T AT fRar

999 Dont know TaT Er

How long have you known this person? (in

months) 39 $& fFd H FF T SATd 872

(= )
1 Yes &
Does he/she work at the same place/ 0 No =gr
industry as you? &1 9 3T $SECI/3cA9T H Refuse to say 3% &
HH Fd 87 888 q A fram

999 Don'’t know UdT #gr

Are you still in touch with that person? 39

1 Yes &
30 o 3@ cafFa & @ &2 e

0 No =@r
How many times do you interact with this
person in a typical month? 39 T FgT &
0 e & @Y Bhdel a) Fea 82
If other, please specify
¥ g, o FAr TE |
How many times do you call/text this person
in a typical month? Teh #HET & 319 fhdar
IR 3 AFT FT Fiel/ SFEC TSAT I 872
If other, please specify 3= &, dF FHAT FIT
ey
Reason for leaving this job Ig Al BI5eT

1 Low Wages &H HGJI@
T SROT
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Field Question Answer

Family issue aTRarRe

HTHT

Health issue FarEaTy

qHET

Moved from the area

e SHTE W Tel AT

Employer moved from
5 the area TreFan/

Aol &7 & Tof T

Exempted from the job

6
Al ¥ ge B T
777 Other 31T
If other, please specify. 3= &, dr Faar
. 134
= TS AW
A tly doi rt-ti o
re you currently doing any pa |Tne or 1 Yes &
I 135 secondary job? FT 3T 3MTeT-Fel H HIS )
0 No @¥

gfad o urd-ersA Al A1 FH W IR a?

Occupation and Previous Employment > Current Secondary Work
Zgard 3R o ISPIR > TAATT Gadd ateni/ae

Investigator, please ask the respondent the
following questions related to his/her current

current_snote secondary or part-time job!
FdeTeh, IARETAT T T Gladg A UrE-eTsH
AFH A 2 I I A R T
Your position in this job & aAlRLI/EHE F
39T e/
For how long have you been doing this job?
(Record the answer in months) 3T e
AT A Tg HH I [ 82 (FEAT 7 SJara
RS )
What is the type of your work? 39T ¥
HT THR FT 87

136

137

138

If other, please specify. 3= &, @ o
139 y
TS A

What is the type of the company? &usil T

140
YR FIAT & ?

If other, please specify 3= g ar FUAT FISC

x|

How many hours do/did you work in a day?

T T T H e 6 FH HA 8 ?

How many days of a week do/did you work
143 in this job? & SITd & 3T g% & ey f&eT

FTH FA & ?

141

142
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144

145

146

147

148

149

150

151

152

153

154

155

156

Field

Question Answer

How much do/did you earn monthly from
this job on average? (INR) 39 38 wtenl/are
T #AG T aad e Fara & 2 (INR)
How did you get information about this
work? 39T 3T &H & aR H SR Ha
Felr?
If other, please specify. 3= &, dF T
Fee |
Did this person also help you or refer you
to the company or the employer? &ar 39 1 Yes gl
SAFT o 3R AR el 7 Agg s a0 No =7t
FOAr H IR IHT T fRAr?
Did anyone help or refer you to the
company/employer for this work? &1 38 & 1 Yes &
& fav AT & 3M9hr Agg & AU F A IF 0 No @l
(refer) fmaT?
Relationship with that person &&= #igg &I,
39 AfFd & Aqrg HaY?
If other, please specify. 3= &, @ o
T |
1 Yes &
0 No =&Y

Is this person same jati as you? T Jg

fFd 3MIF STfa @ 87 888

How long have you known this person? (in
months) 3T 3T AfFd A FF T STd 872
(FE= )
1 Yes &

Does he/she work at the same place/ 0 No #%&r
industry as you? T 9 FET §SECI/3AT H

Are you still in touch with that person? 3T

: o 1 Yes &
3ol o 37 afFa & s H 2

0 No ="
How many times do you interact with this
person in a typical month? 39 Ueh #FglT &
39 IfFd & AT fohcetl IR Fera 82
If other, please specify 3= &, A FHT FIT
ey

183

Refuse to say 3% &«
q Fer T
999 Don’t know UdT #gr

88 Refuse to say 3R &
FTH I 872 T Felr fomar
999 Don’t know 9dT #gr



Field Question Answer

How many times do you call/text this person

! 157 in a typical month? e T & 3T fhder
IR 59 AfFd P Hicl/ SFEC TS AT I 82
If other, please specify. 3= &, dF Fr
. 158 .
TS A

Have you undertaken any other secondary

I 159 work or part-time job in the past two years? 1 Yes &
FIT 39T WS af awf # FS 37 BFAT FF 0 No wigh

a7 aré-ereA AR i 2

Investigator, please ask the respondent the

following questions related to his/her

secondary or part-time job(s)! TdeTH, 3aerar

&1 3 gfady ar aid-ersH SRl & 3

FTET HTe ATl o YS | (I & rermar 3

AdATH ¥ YE A gU)

Occupation and Previous Employment > Please describe all the

I swork_note

secondary/part-time jobs you have done in the past two years (appart from

any current job). (1) (Repeated group)
a3 Woer VR > FOr 307 fod/ard-asa dAwRal # aofT &
St 3 Rser ar aut & & gt (el adaa & & 3raran) (1)

Your position in this job 3@ wAlRLI/EHE F
3T /g

For how many years did you do this work?
(Record the answer in months) & wteY/aTea
T 39 Fhder ATel fFar? (A 7 Srara
RS )

What is the type of your work? 39T ¥
HT JHR FAT 87

160

161

162

If other, please specify. 3= &, dr Faar
163
Tgee |
164 What is the type of your company? @dsil &T
UHR FAT & ?
If other, please specify. 3= &, dF For
165 y
FTIT |
How many hours do/did you work in a day?

3T T T # hder @ FF W T ?

How many days of a week do/did you work

166

.167 in this job? 3& SifT & 31T g% & fhaer et
o FH I A2

How much do/did you earn monthly from
. 168 this job on average? (INR) 39 & tenil/aHra

T AT FT AT hdem FATT 2 (INR)
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Field Question Answer

How did you get information about this

!169 work? 3TUehT 5T & & aR H SRl S
Feir?
If other, please specify 3= §, ar FUAT FISC
170 _—

Did this person also help you or refer you

to the company or the employer? &1 39 1 Yes gl
IfFd o U AA e F Feg st Fr A 0 No wigh
FOAr H IR IHT AT FRar?

Did anyone help or refer you to the

171

company/employer for this work? &1 8 &A1 Yes &
& fow fRdr ¥ 3ok Agg & A1 Ful H I 0 No #@gr
(refer) fmaT?
Relationship with that person fS&er #igg T,
39 JAfFd & WY Fay?
If other, please specify 3/ &, A FHIT FIT

|| 174 -

172

173

1 Yes &

0 No #%&r
Is this person same jati as you? T Jg

175 Sy a2 Refuse to say 3% &of
q A T

999 Don'’t know Udr #gr

How long have you known this person? (in

.176 months) 3T 3T <IfFd A FF T S0 872
o (e 31)
1 Yes &
Does he/she work at the same place/ 0 No =&@r
. 177 industry as you? T 9 F&T ST/ H Refuse to say 3a% ¥
o FA A &2 888 F A

999 Don'’t know UdT #gr

Are you still in touch with that person? 39 -

178 . - 1 Yes g@T
3ol o 39 fFa & Uk # g2 !

0 No &¥

How many times do you interact with this
179 person in a typical month? 39 Ueh FgT &
50 IfFd & @Y Fl SR Bera &7
If other, please specify. 3= §, dF Foar

180 .
FTIST AR
How many times do you call/text this person
181 in a typical month? Teh #Hgler # 39 fhderr
IR 38 cAfFd HI Hicl/ TFEC TSAT A &2
If other, please specify. 3= &, dF For
. 182 .
TS A
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Field Question Answer

Investigator: Ask the respondent to name
people not currently residing with them that
they most often interact with on the following
I notela activities:
- TS - RS ¥ 3 e & A g S
AT 7 3 WY TG G AR oo ay
frtfaf@a afaffr & &
(In case of emergency) Investigator please
tell the respondent: "Now we will pose some
emergency situations in front of you. Please
tell us who would you take help from in
those situations except for the people
I note b residing at your hmfse."
= (e At ) e, FIT SAEEr ¥
diel 1 "3 §H 3Uh WHA TS
THf=dl/emergency (3MdTasTele) Eufaar
T | U M9 & Fasv & 5 FufaEr &
39 TR H T@aT aTel el & 3felrar 39 fhadr
AeE o 81"
Network > In case of emergencyl (1) sicash > 3Mdlchlelal RRAfd & 1 (1)
2 PARENT #Ardr-far
UNCLE/AUNT
3 ara/ET/aTS arsl g3/
et /HE AT/ AT/ AT
SIBLING/COUSIN g3
S AT S8 / Fiotel
5 IN-LAWS \gIrer arel
6 FRIEND &7
COWORKER #g&r
Fdr
NEIGHBOUR FROM

Borrowing from in case of emergency; for
example if you immediately need 400-500 7
rupees for a day and there is no one else
- 183 at home you could borrow from? & THE SAME LANE @
THST (emergency) H 3UR Y A Y BT
AT, TaTERST & W 3R I e v BT & el & el
& T 400-500 T WMRT IR W W TS M NEIGHBOUR FROM
& A 3T feEy 3uR S 9 THE SAME BLOCK
38 selfr & ggrdr
NEIGHBOUR FROM
10 PREVIOUS LOCALITY
R TR
NEIGHBOUR FROM
11 NATIVE HOME Yersei
T ¥ I3

12 NONE &g gl
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Field Question Answer

777 OTHER 3=

REFUSE TO SAY 3W
S & e fomaw
. 183a If other, please specify.
= ¥ g, o FIr TE |
. 184 Enter Name
= 31T AT §dTST|
Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you would take help from in this emergency
. note_network1 situation?"
o T, SRAT ¥ IR @t & AR F
& fow &g 3R 30 & T 39 56 uHASler
(3Tt U # 3R R ¥ e o
T §2 FIA AT WA F A TR § 2"

Network > In case of emergencyl (2) =icash > 3Mdlcehlell AT & 1 (2) (Repeated group)

Borrowing from in case of emergency; for
example if you immediately need 400-500
rupees for a day and there is no one else

. 185 at home you could borrow from?

- THofT (emergency) H 3UR Y AU §Y U
AT, 3eTe0T & U 3R U qid U et
& foT 400-500 = =18 3R W W &5 3
G &, o 3T fFEw 3UR o
If other, please specify

.1853 ¥ g, A FHT TE H

- 186 Enter Name 3&aT ATH FdsT|

Investigator, for the next situation please try
to get different names apart from the ones
already entered in the previous situation. If
the respondent doesn’t take new names,

I note2a please fill the same names entered

= previously.
aderh, 3Tl Rufa & fav Huan a@w ol &
TR 7 S e uge a1 7@ forr e g
g, yfcarel AT A #gT e g, FoAr W
arer AT F AT Gof N o 9 9 et 7
AEE AT Bl
Investigator, please tell the respondent: "We
will now ask about the second emergency

! note2b situation. Please tell us who do you take
help from in this situation. Please name
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Field Question Answer

anyone apart from the ones you have
named already."

TdaTH, PO 3G & FE © "HWT §H I
TSR (M) Rty & A’ F e |
& at F 3 39 Y A e @ F@eg o
g | T g S A fow o g% § 3w
Jremar s AR e A 3R Fasdl”

Network > In case of emergency2 (1) =icas > 3Tdlcahlell AT & 2 (1)
In case of medical emergency when you
need to call someone immediately to rush to
the doctor/hospital and there is no one else

.187 at home
Afdee TASAAT (dorel Rufd) & Sia 3m9er
A sTFeX / 3T el & v R B e
FLAT A FoAA I3 IR W W FS A g, A
e ¥ A #AldN?
If other, please specify.

187a . !
¥ §, a FIT FTIT R

188 Enter Name 3daT oTH ddisC|

H N

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you would take help from in this emergency
situation?"

FdeTh, 3Merdr ¥ AR JAfFad & aR #; a9
& T #8 IR 5 9@ ;R I s
Gl (3T Uy # AR R @
FeE o T &7 PIA T W &F I T &

M

Network > In case of emergency2 (2) sicad > 3MUlcehlelsl AT & 2 (2) (Repeated group)

In case of medical emergency when you

note_network2

need to call someone immediately to rush to

the doctor/hospital and there is no one else

.189 at home

= ARFHT THS (dchlelsT TUTA) & S 3Tdeht
A sTaeX / 3T el & v R S e
FAT A FAT T3 R W W FS A g1, a9

Fa & Fgg AlN?
If other, please specify.
. 189a ! !
F €, @ FHRT FTIE R
. 190 Enter Name 3T ATH ST
I note3a Investigator, for the next situation please try

to get different names apart from the ones
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Field Question Answer

already entered in the previous two
situations. If the respondent doesn’t take
new names, please fill the same names
entered previously.

T, O Uy ¥ R gwar av et &
TR A q@ et dge A1 a7 forr I g
g gidardr AT A1\ A A §, o oo
arer AT Y & g Ft O 9 sw ey &
ATE ol Bl

Investigator, please tell the respondent: "We
will now ask about the third and last
emergency situation. Please tell us who do
you take help from in this situation. Please
name anyone apart from the ones you have
I note3b named already."
eI, FIAT IHETA ¥ Fo  "HI §H AT
IR nfEdr wHefedr (3maraeTele) Rufa & IR
A qSr | & Tt fF 3 sw Rufa A e
AEE A £ | FUA Gge St A\ fow S g g
3Tk 3TeTar dis 3R &ET a 3R sarsa”

Network > In case of emergency3 (1) sicash > 3MdTchlelsl Afd & 3 (1) (Repeated group)

In your neighbourhood if you have to
immediately borrow food items like rice, tea,
sugar, cooking fuel etc, who would you go

. 191 to?
3UF TSI H IR Y drdel, I, drel,
T T & U A R SRy wreg gart @
A FUR o 93 A 3 a9 Sider ?
If other, please specify.

!191a ¥ g, o FIr TE H

. 192 Enter Name 3T ATH ddSTI
Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you would take help from in this emergency

. note_network3 situation?”

= - e, 3Merar ¥ AR IfFadt & TR F A
& T F§ I 3 9@ I 5w
Gl (3T R F AR R @
ACE of TR §7 FIUN AT VT &F qqT T §

o
Network > In case of emergency3 (2) sicash > 3MUlchlelll AT & 3 (2) (Repeated group)
. 193 In your neighbourhood if you have to

= immediately borrow food items like rice, tea,
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Field Question Answer

sugar, cooking fuel etc, who would you go
to?

9% 9819 H IPR A9 A19el, a1, e,

@ TR ¥ v R SRy wreg el @
QA FUR o 93 af 3 e o Smder ?

If other, please specify.
- 193a ! y
¥ §, a FHT FTIT R
. 194 Enter Name 3T ATH ST

Investigator, for the next situation please try
to get different names apart from the ones
already entered in the previous situations. If
the respondent doesn’t take new names,

I noteda please fill the same names entered

= previously.
deTh, eTel AT & AU FwRr Av el &
TR A & et uger are w77 forar arr g
gfe, Gidarer AT AT\ A A 8, FoAr o
arer AT F A gor A SR WY 9% 59
afafdfr =« #ar g
(Around Home) Investigator, please tell the
respondent: "We will now present some
social activities to you. Please tell us who
you do that activity with except for the
people residing at your home. Kindly think of
new people who you havent mentioned

l note4b before” ]
(R & 3THIME) : §d8TH, HIAT G & arel
;"3 §H 3T HHA O HTel
wiFefadiactivity (arfafafemn) e | Fo=r 3
& TAET B 3O R A @ A At &
37elTar 3T FEs @Y g8 vEed/Arafaf &
w3 §| U Av dvelt & O F Fan
et 3M9e 319 a form o femar ani”

Network > Around Homel (1) @cash > R & 3mard 1 (1) (Repeated group)

Going for a walk/to the park and chatting
with in free time

| RIS 3T R Y @ R R € S R R
TEA F AT F, et @ ard RN FeT, TH
H Tgold ST AT alh T STl 3Tie?
If other, please specify

. 195a ) y
g €, a FIAT TIT R

Enter Name
M s
= 3Tl oATH Jd1SU|
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Field Question Answer

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you go to park or walk with?"

. note_network4 Fdefh, 3ReIdr ¥ 3R AFAAT & IR F A
¥ T w2 3R 3 O wT T s
Jremar AR fREr & @y @rer A G € a1
aF A TEoA AT g7 FIAT AT A F T
FHEI g 2"

Network > Around Homel (2) @cash > @R & 33U 1 (2) (Repeated group)

Going for a walk/to the park and chatting
with in free time

197 39 fres @y @ AT fSaa € S &b
TEHA H a1 A, T T a1 RN &, ITh
# Tgelel ST AT aTh T ST 37

. 197 If other, please specify. 3= &, @ o
a .

= Tose |

. 198 Enter Name 3T ATH FdASTI

Investigator, for the next situation please try
to get different names apart from the ones
already entered in the previous situations. If
the respondent doesn’t take new names,

please fill the same names entered

note5a previously.
wdaTh, 3ETel aifafafr & fow for AT St
F R # qS e gger 7w @ o @
| o yfcardr v #re gt o €, Foar Poe
arer ATAT B &Y go W eI @Y 98 34
aifafafr & & 2

Investigator, please tell the respondent: "We
will now ask about the second social activity.
Please tell us who do you do this activity
with. Please name anyone apart from the

I note5b ones you have named alrgady."

= qdfaTh, PO IEIA F o o 3T &4 @
arerer uiFefadr (activity)/aiafafer & s &
TS | §H §dV F 3T T§ activity/arfafafer
e @y #Xd € | PR gEd S A v S
TF & 3 e B AR A A AR

Sasl"
Network > Around Home2 (1) aca® > &R & 3mE9d 2 (1) (Repeated group)
. 199 Shopping or going to local market with, for

example to buy vegetables or ration?
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Field Question Answer

TR W & T SR & Ty ST En,
30T & fov afesrar ar e @liear ar
G ATfer &eet, ar fras @y S 82

If other, please specify. 3= &, dF Fr
. 199a .

TS A
. 200 Enter Name 3T ATH FdsTI

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
. - you go shopping with?"
= - e, Iaerar ¥ AR IfFad & IR # A
& T &g 3R 38 q& : "G T FAh
Jremmar AR R & @y oAt (shopping) &
STl &2 AT T AT &F T Fha @ ?
Network > Around Home2 (2) aicash > TR & a9 2 (2)
Shopping or going to local market with, for
example to buy vegetables or ration?
.201 GUERY X & U SoR # @y S g,
o 3ETEX0T & fov afssrar ar e @dieer a1
ThAST MMTAeT Tl dF fohasd aY ST 82

. 201 If other, please specify. 3= &, dr Faar
a !

= TS A

. 202 Enter Name 3daT oTH ddisC|

Investigator, for the next situation please try
to get different names apart from the ones
already entered in the previous situations. If
the respondent doesn’t take new names,

I note6a please fill the same names entered

B previously. HJ&T®, 3Tl afafafr & fow FHoar
AT Al & g H g e ggel AT gl
forr arar & | 3R 9fdardr A e A o §,
Foar Ao arer A # g w e @y
38 30 TR @ Far 2
Investigator, please tell the respondent: "We
will now ask about the third and last social
activity. Please tell us who do you do this
activity with. Please name anyone apart from

I note6b the ones you have named already."ddeTs,

= FUAT ITETT & F "I §H aradr IR
AT wiere TRefddaafaf & R A 98 |
&4 Farv T 319 Jg activity/ariafafer eas
Y A | P T S A v S gH §
3% T Fg AR e W 3R @Al
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Field Question Answer

Network > Around Home3 (1) @icash > @ & 39T 3 (1) (Repeated group)

Attending social functions or festivals or
going to religious places with; for example
going to the temple/mosque or participating
in group pooja/prayer in the colony or
meeting during Diwali or Chhat Puja
celebrations etc?

.203 TSt wrdf a1 Icaat # HTeT o gy AT
Tfie TUTAE W ATY ST & ar e arg
g S AT / Afteie & Ser O s &
T W WIS A WewdT A AT ol ar
&rarel A T S ARG e & SR e,
A frw ¥ oY § iR R T §2 o F
37T QMET-SAIg H ST & ar fohdess ary S

g2

If other, please specify. 3= &, ar ERRll
. 203a y

FTIT |
. 204 Enter Name. 3s1ehT &ATH SdsUI

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who

. note networks you attend social functions with?"

- FdaTH, ST ¥ 3R e & IR 7 "
& T &g 3R 38 q&: " 3T FFh Irerar
AR feeh & @1y Argfes 3cEdl A wdwmA A
e H ST §? FIT AT A F ad Fehdl 872

Network > Around Home3 (2) @cas > TR & U™ 3 (2) (Repeated group)

Attending social functions or festivals or
going to religious places with; for example
going to the temple/mosque or participating
in group pooja/prayer in the colony or
meeting during Diwali or Chhat Puja
celebrations etc?

.205 grATfotes @l a1 Icaat # HTeT ol gy AT
e TTA W ATY ST & ar e arg
S & S AR/ ARee & e a1 Fder 7
el |refed W A W A AT o ar
&rarel A T ISl ARG I & SR e,
ar e & B & AN e weS §2 O &
37T QMET-SAIg H ST & ar fohdgess ary S
[

. 205a If other, please specify. 3T g ar ERRll

= T |
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Field Question Answer

. 206 Enter Name. 3T aTH FdSU|

Investigator, the next two situations are work
related. Please make sure to get names of
co-workers which are not same as the ones
already entered in the previous situations. If
the respondent doesn’t take new names,
please fill the same names entered
previously who he does the following
I note7a activities with. Select "Not Applicable" if the
= respondent is not working currently.
TdeTeR, 3ETeN & RufaEr we ¥ Tefd €
FHIT WEHAAT & AH Tred FR o o
Rufaat 7 9ger &of 61 v aw §1 A
farey R AT\ Gl dar €, A FORI e &of
FT T AF R e @Y 98 e
afafafel Far &1 3PR fdardr #15 ST ar
Eicc|
(Around Work) Investigator, please tell the
respondent if he/she is currently working:
"We will now present some activities to you
conducted during work. Please tell us who
you do that activity with which should ideally
be your coworkers. Kindly think of new
people who you havent mentioned before."
I note7b (1A T S9TE & IEUN): FdeTh, I wfaardr
B TIAT FH FA F @I 8, o FIAT 3T Fe
ST I & SR F S §1 F g Fare
& 3T g8 activity/Ifafafr fras @y aa &,
St fF 3TEsT T F IS WY FIH FA arell
(colleague) gIo =1fRT| FUAT AT ST & &
# @ foereT 3maer gger forsm @t fomar g1

Network > Around Workplace1 (1) sicas > s I g 1 (1) (Repeated group)

Having lunch at work or spending your free

time at work with; for example chatting or
. 207 having tea while taking a break

FH W EYgT H Tl fohdsh Ty T § ar

R A W el IFd & a9, TR I 5F &

T A @ # 9 A @y 9ad § ?

If other, please specify.
. 207a . !
3 g, d FIRT T W
. 208 Enter Name 3daT oTH ddisC|

. note_network7
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Field

Question

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you spend time eating or gossiping at work
with?"

e, 3aerdr ¥ AR SAfFadl & R # a9
& R w3 3 @ T RS R
TgHhAT (colleague) a1 AT aT THa &, ek
[T 39 HTH FT S8 T @I @i g A arg
9 & 3R TR wd §r?”

Network > Around Workplace1 (2) aeadh > & &I 5918 1 (2)

. 209

B 200
o

I note8a

I note8b

Having lunch at work or spending your free
time at work with; for example chatting or
having tea while taking a break

FTH W EIUeT T T Fgs qy @rd § ar
Y HHA W Il IFd & e, TR I 5F &
g9 A @y # 99 Fas @y da § ?

If other, please specify.

¥ g, o FIr TE |

Enter Name 3daT oTH ddisC|

Investigator, for the next work situation
please try to get different names apart from
the ones already entered in the previous
situation. If the respondent doesn’t take new
names, please fill the same names entered
previously. TJd&Tsh, 39Tel HH FFaAd Fufa
& fav, guar foer Bufa & sreer am| are
T @ FIE A | ARG ST A AH7 AL
AT &, A T TN oo Brw e A R
Sa% ary a8 7% AR & 2

Investigator, please tell the respondent: "We
will now ask about the last work related
activity. Please tell us who do you do this
activity with. Please name anyone apart from
the ones you have named already."d@deTe,
FUT SfaTEr H FAN: §H 3T FA
FFfa A activity/Arfafafr & e # g8
FOAT 3 TAT B T W AR F e
Y FA &1 FOAT SN AR F T AH 3T
g ¥ forr g, 3% 3renar Fis R A A
3R Farg”

Network > Around Workplace2 (1) @eash > & I 5918 2 (1)

Answer

(Repeated group)

(Repeated group)
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Field

!211

! 211a
. 212

. note_network8

Question Answer

Travelling to work with

T FH FA T ST g ar fras g o 82
If other, please specify. 3= &, @ o
T |

Enter Name 3daT TH ddisC|

Investigator, please prompt the respondent to
think of more names and ask them "Can
you think of and name more people who
you travel to work with?"

e, 3aarar ¥ AR AfFadi & IR #F e
& T 7 3R 3 qF ¢ w3 S 3R
TgHAT (colleague) N AT a1 Tha &, T
Y AT HH S S8 T AT &2

Network > Around Workplace2 (2) sicas > &I HI 918 2 (2) (Repeated group)

. 213

! 213a
i 214

Travelling to work with @Y & & T 7T &
ar fFas AT Sd 87

If other, please specify.

¥ g, @ FHRT TE H

Enter Name 3T ATH FdsTI

List of people in the network sicas # el T FT

I note11

I note_network

Investigator, the next question will require
the respondent to rank the people he/she
has named in order of the closeness with
that person. Please select one-by-one from
the list each name in order of decreasing
closeness of the person with the respondent
i.e. the most closest person will be selected
first and the least closest will be selected in
the end. Do not select the same name more
than once.

T, 30Tl R H fdardr & wedr et &
FA 7 et @ IF R en e 38
IS o A T pudr g A &

FOd /e Te & FH A AT & AH T,
TN T wcad afdd 1 gge qeA ST
IR G HH Fehedd H AT F g S|
e AT & T § 3OS aR TIT o

Investigator, the names entered by you are "
[namel] , [name2] , [name3], [name4] ,
[name5] , [name6] , [name7] , [name§] ,
[name9] , [name10] , [namel11] , [namel2] ,
[name13] , [name14] , [name15] and
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Field

Question Answer

[name16]". Please confirm the unique names
with the respondent.

FdeTeh, 3% AT Gof [T T 17 ¢ @ "
[namel] , [name2] , [name3] , [name4] ,

[nameb] , [name6], [name7], [name8],

[name9] , [name10] , [namel11] , [namel2] ,
[name13] , [name14] , [name15] 3R
[name16] " | HUAT o8 & 3fefdcia AT &l
gidarey & Wy gie #|

List of people in the network > Names of people in the Social Network (1)

R d

| BE

! note_socialnetwork

! 216

Network D #¢a® ID

Investigator, ask for the closest person

amongst the list excluding the name(s)

already entered in the table.

FdeTeh, 9 H UgS ¥ Gof fRU AT ATA (AT

FI BISH Ahcdd (T Hen) e & T

B
${namet}
${name2}
${name3}
${named}
${name5}
${name6}
${name7}

Out of these people who are you closest to? ${name8}

ST q 3TH FEH HET HieT 87 ${name9}
${name10} ...
${namell} ...
${name12} ...
${name13} ...
${name14} ...
${name15} ...
${name16} ...

Nature of Relationship Rea &I yepfa

I instruction1

The following questions needs to be asked
for each of the people named previously.
Select a person's name and then ask the
following questions for that person. Repeat
the process for each person.

ArAfaf@a e gger @A fow v afFadi &
T g SU | Th e & oH H AqT
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Field Question Answer

3R O 37 afFa & T 3t 37 arer uRe
TS| 9% fed & T $H ThAr H At

Nature of Relationship > Nature of Relationship (1)

d
Rear @1 wpfa > R &1 gpfad (1) epeated group)

1.
2 ..
3.
. 217 Select name of the person 4 .
|| SfFd & AT H oA 5.
6 ..
7 ..
8 ..
How long have you known
[nature_person_name] ? (in months) (If a
. 218 relative, enter 666) [nature_person_name] &t
T FF F AT 82 (AL #7) (Redert & oo
666 fore)
1 Yes &
Is [nature_person_name] from the same jati 0 No #gr
. 219 as you? (If a relative, select 'Not Applicable') 666 Not Applicable Frﬁl?l'(ﬁ
T [nature_person_name] 3T9eh & STTfd & Refuse to say 3uX &
&7 (Redat & R o] ) B8 s P
999 Don’t know UdT #gr
1 Coworker from
previous work e
HHA T TEHA
Coworker from current
2 work IdATT HF T
How did you get to know T
[nature_person_name]? (If a relative, select
. 220 'Not Applicable')
o 9T [nature_person_name] & H& Helrehred 3 Live in the same lane
g5 ? (Redert & e ey ) 34 el & e &
4 Live in the same block

38 solfeh & W/ &
Lived in the same

5 previous locality qXTeY
9T
Mutual friend i
I AT F AR
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! 221

- 222

| B

! 224

B 22
B 2

. 228
- 229

. 230

Field

Question

If other, please specify. Otherwise enter 666.
37 &, O P TS F| AT 666 T
ey

Is [nature_person_name] in any of your
whatsapp or facebook groups? T
[nature_person_name] 39 & el sgTeaug
I hEgH T H 72

Does [nature_person_name] work currently?

FT [nature_person_name] acaTeT & A STt

4

What is [nature_person_name] 's main
occupation?

[nature_person_name] T A& <qGHd FAT
g7

If other, please specify. FUAT FIC Eadl
What is [nature_person_name] 's marital
status? [nature_person_name] $I darfge
Rufy Far 87

Does [nature_person_name]'s spouse work
currently? &1 [nature_person_name] FI/Hr

9fA/9e AT H FHTH Sar/aar 22

What is the spouse’s main occupation?
ofdl A Gl H HET FaHY T 82

If other, please specify. FHIT FIsC &R |

Can you provide us with
[nature_person_name]'s address?

FAT 39 §H [nature_person_name] T Iar
gare & Hahd 87

777
666

888

888

999

888

999

888

999

888

999

Answer

Neighbour from same
native home Yersafr
I § s

Other 3=

Not applicable ] &

Refuse to say 3 &
¥ Fer T

Yes &T

No #T&r
Refuse to say 3R &
T A fRar

Don’t know 9dT =igr

Yes &T

No #gr

Refuse to say 3 &o
§ Her fRar

Don't know 9dT sTgr

Yes &
No =&Y

Refuse to say 3R &
q A T

Don’t know 9dT =igr

Yes &

No =Tgr
Refuse to say 3% o
q A T

Don'’t know UdT sTgr
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Field Question Answer

Nature of Relationship > Nature of Relationship (1) > Person's Address
Red & vl > Read i gl (1) > =Fd &1 gar

Please provide us with the full address of

- 231 the person.

FRT g AfFd F QI o F

j 231A Name of the Block. sdlfer &T aATe

i 231B House number &R & FaX

i 231C Floor Number T sfeRk

i 231D Name of the colony. @fellell T A

1 Yes @l

Can you provide us with 0 No =@r

! 232 [nature_person_name]'s mobile number? 666 Not Applicable am\a‘cfr
FAT 3T g [nature_person_name] T HieT Refuse to say 3a¥ doT
R e T TEA 87 =

999 Don’t know GdT #gr
Please note down [nature_person_name]'s
. 233 mobile number. FUAT [nature_person_name]
o FT AGET AR Alc |
The following questions needs to be asked
for each of the people named previously.
Select a person's name and then ask the
following questions for that person. Repeat
I instruction2 the process for each person.
B PeARfad W e @ v e safFadt &
T g SUE | Th e & oAH B AqA
IR Y 38 safea & fow 3mer 3me arer wRa
US| 9% AFd & oI 7 wlkar & e
Intensity of Relationship > Intensity of Relationship (1)

Rt &1 A > Rt B e (1) (Repeated group)

2 .
3 ..
. 234 Select name of the person 4 ..
= SiFT & AH P Ge 5 ..
6 ..
7 ..
8 ..
In a typical week, on an average how many
times do you interact with 1 Daily ufafea
. 235 [intensity_person_name]? T& HTMHCT HTAE 4-6 times a week
o #, 3iae fFaer I’ 3T 2;@11';::%4-6&11

[intensity_person_name] ¥ ferT §?
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Field Question Answer

2-4 times a week
g H 2-4 SR
1-2 times a week
Feag #H 1-2 IR
Once a week TTarg &
Teh dX
Once a month #ErT &
Teh dX
7 Never &3l =gy
Only in emergency
8 Tt uHSll/ 3T
F
666 Not Applicable T FgT
888 Refuse to say 3o &7
q A fomar
In a typical week, on an average how many
times do you talk to [intensity_person_name]
. 236 on phone?
T HAT dedE H, daad Fdel IR 319
Wl W [intensity_person_name] ¥ aTd &R
[

In a typical week, on an average how many
times do you talk via text message or

! 237 WhatsApp with [intensity_person_name]?
T AAT TedE H, 3daad fhdel SR 3ma
FEE FAST A FIHWT & ART
[intensity_person_name] ¥ a1 o &7

Perceptions about beliefs of known individuals S STeia & 38 AP I AIA3N & SR H GRO

The following questions needs to be asked
for each of the people named previously.
Select a person's name and then ask the
following questions for that person. Repeat
I instruction3 the process for each person.

ArAff@a W gger A1F fw v IfFadr &
T 9@ S | U IfFd & A #w oA W)
IR Y 38 safea & fow 3mer e arer wRa
9S| 9% AlFd & oI 7 wlhar &1 e

Perceptions about beliefs of known individuals > Perceptions about beliefs

of known individuals (1)
T Jaa & 39 AfFd i Aegant & SR # aRor > 59 S § 39 AEa
H AIAAT & TR H GROT (1)

(Repeated group)

Select name of the person 1.

safFd & A B g 2 .
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Field Question Answer

3.
4 .
5.
6 ..
7 ..

Perceptions about beliefs of known individuals > Perceptions about beliefs of known individuals (1) >

Household Decision
S8 Jad € 37 AP i ARt & R #F URoT > 50 JEa @ 39 afFd fr Aegant & sR & gRonw
(1) > Weg BT

1 Wife Uceit
2 Husband ufd
Both Equally &t &1

According to [belief_person_name], who

should have a greater say on making major

household purchases? 3

[belief_person_name] @I &1 oRTaT & a3 @A e

SR TV T Bt wle @1 B R A ggg (CUe 0 SO T &
R § FHer T

999 Don't know 9dT gt
According to [belief_person_name], who
should have a greater say on making daily
- 240 household purchases?
[belief_person_name] @I &1 oeTcar & & ar
Aot & e @ P BT B e
arfge?

According to [belief_person_name], who

- 241 should have a great say in decision about
health care of children? [belief_person_name]
T FAT RIAT ¢ b ddl & AT HI G@HTA
a1 v fRee gler ariRe?

According to [belief_person_name], who
- 242 should have greater say in the decision of
children's schooling? [belief_person_name] &I
T T & R Soat T Toper r RieT war
3R & gl - suenr A fRwer glem @TRRT?

According to [belief_person_name], who
should have a great say in decision about

- 243 how wife’s earnings should be spent?
[belief_person_name] @I & T & 5 e
T FAS FT @T A AT - SHH AT Hgehr
glaTr arfgu?

202



Field Question Answer

According to [belief_person_name], who
should have a greater say in decision about
how husband's earnings should be spent?
[belief_person_name] @ &1 oRTar & & ofa
N FAS FH T A AT - TR AU Hgehr
glem wfew?

According to [belief_person_name], who
should have a greater say about visits to
wife's relatives?

[belief_person_name] @I FIT &eTaT & & ool
& RedERT (Are) ¥ e S &1 o
e g aTfeu?

Perceptions about beliefs of known individuals > Perceptions about beliefs of known individuals (1) >

Gender Norms
o8 I € 39 afFd T ARt & gR F URT > 50 Fdd @ 39 Afed i Aegast & sR &7 gRom
(1) > oo #ArEs

Question: How do you think
[belief_person_name] would answer the
following questions: Yes or No?

Harel: 39! FA1 oerel § o efafead &
fT [belief_person_name] T FT STdTd gIF :

g ar =Y ?
In [belief_person_name] ’s opinion, is it 1 Yes @l
acceptable for an adult woman to travel 0 No =@gr
- 246A outside the locality if she wants to? 288 Refuse to say 3@ &
[belief_person_name] @ T &, &1 et 18 T HaT BT

¥ ¥ a1 Afer # FE FROT F Fok F 999 Don't know GaT #F&r
e ST 39 § 3PR g8 dgdr @ ar?

In [belief_person_name] ’s opinion, should an

adult woman work outside of home if she
- 246B wants to?

[belief_person_name] @I I &, &7 TH 18

Iy ¥ 92 AT P W T 6T FIH HLaA

AR, IR g =g & ar?

Do you think [belief_person_name] will
approve of a married woman earning money
- 246C if she has a husband capable of supporting
- her? [belief_person_name] Y TT H, FTAT TH
faaTRa ARem # W TEX HH FAT AR
g 3T 9fd HTOT HAT & ar?

- 246D
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Beliefs

Field

Question Answer

In [belief_person_name] ’s opinion, if the
wife is working outside the home, should the

husband help her with household/care
duties? [belief_person_name] #r I #, afe
Tl TR SR A H T 8, ar 2 ofd
T & FHAT H 3TR AGE e ATRT?

Perceptions about beliefs of known individuals > Perceptions about beliefs of known individuals (1) >

8 I & 39 AP i ARt & gR #F URoT > 5W Fdd & 39 afFd f Aegant & sR & R

- 2478

! 247D

Question: What do you think, will
[belief_person_name] agree or disagree with
these statements?

HaTeT: 39! &A1 o@TaT & (o estioi@d &
foT [belief_person_name] T FIT STaTd g1 :
HEHAT T AHEHAT ?

It is much better for everyone involved if the 1 Agree TeHd

2 Disagree 3¥gHd

) Refuse to say 3R 2a¥
family. 888

g W $ BT FeR & Y W F aw ﬁﬂﬁﬁm .
FA X N ART =W 3T gRar & @ 999 Don’t know 9dT =gl
£y

man is the achiever outside the home and
the women takes care of the home and

It is more important for a wife to help her
husband's career than to have one herself.
Il & T 39 SHfdwr (FRW) g & F3mEr
FEaYr ¢ & 9 3w o9fd & Shfde (FRW)
# #Aeg M

When a mother works for pay, the children
suffer.

9 UH Al W Y FEY HIA A &, o g
&1 ST G BT |

A working mother can establish just as
warm and secure a relationship with her
children as a mother who does not work.
U FHIFGTST Al 39T gTdi & TqTT 3T a7
ey 3R gRiET Red & wuifia & @ &
St & o 1A IR arell AT AT Thl 2

Own Attitudes e 1 FaArgicl
Own Attitudes > Helping with household chores g &I HaAIgid > TR & HHAT & HAae A
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. 248F

i 249F

Field

Question

1
2
3
On an average how much time do you
spend in helping your wife with household
chores in a typical week? 4
T AT TeAE A T AT Tooll H R &
FAT 7 Acg I A fohcder THT & 87
5
6
888
1
2
On an average how much time do you
spend on completing household chores like
cooking, cleaning, shopping etc alone in a 3
typical day? (Record according to an
average week by multiplying the response
with 7) 4
T 3Ed R & 319 W & FHAT F Hehel [T
FA H Fhdell TAT oRIT & S Tl ehleT,
THES FAT, WIGRT I AMME? (STag & 7 F
o 5
o 4 e aeae & e § Rt
HITT)
6
888

Answer

Do not help
HEE e A

0-30 mins
0-30 e

30 mins- 1 hour
30 e - 1 8¢

1-2 hours
1-2 €

2-4 hours
2-4 &

More than 4 hours

4 ¥ 3O+ @

Refuse to say 3R &
q AT fRar

0-7 hours

0 - 7 ®er

7-14 hours
7 - 14 w2

14-21 hours
14 - 21 &

21-28 hours
21- 28 &

28-35 hours
28-35 T

More than 35 hours
35 & 3fte a¢

Refuse to say
3 ST ¥ AT fRAT

Do not help
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Field Question Answer

On an average how much time does your e el Hd
husband spend in helping you with

household chores in a typical week? 2 0-30 mins
s 3Ta gag #F 3us 9fd W F FET A 0-30 A=
YT A FA H el FHT e §7?

3 30 mins - 1 hour
30 fAee - 1 &

4 1-2 hours
1-2 &

5 2-4 hours
2-4 ¢

6 More than 4 hours

4§ 3w G

888 Refuse to say
3 ¥ § FT fomar

Own Attitudes > Household Decisions ®g @I #eiigiad > e ok

Who should have a greater say on making
. 250 major household purchases?
= YT A R § 98 & S TV ar Bt
Gl &1 Ao fhger glar arfge?

Who should have a greater say on making
. 251 daily household purchases?
o R F A § AE A A F W
@ #1 Bt ReEer g aiRe?

Who should have a great say in decision
. 252 about health care of children?
o T T & qedt & wreew #
@I T VT RET Qe ATRT?

Who should have greater say in the decision
. 253 of children's schooling?
= HTOhRT AT oI & fo aeal T ot B Raw
Tl 3R HA gl - sHE AU frwe g
arfge?

- 254 Who should have a great say in decision
about how wife’s earnings should be spent?
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Field

! 255

! 256

Question Answer

JTIHRT FIT 9T § o It Y FAS HFY @I
T ST - SHH AT Fra g aRw?
Who should have a greater say in decision
about how husband's earnings should be
spent?

39T FIT 97T & o afd i FAs F @T
T AT - 3HHN AT AT g arfew?
Who should have a greater say about visits
to wife's relatives?

HTIHT FIT AT ¢ b Ieeht & RedGRT (A7)
¥ Ao S &1 AU e gler arfRe?

Own Attitudes > Gender Norms Hg % Hellgid > fola1 #Aeics

B 2sc

! 257D

How would you answer the following
questions: Yes or No?

rAfaf@a wat & foT 3mger Far STare grem

g1 ar AT ?
In your opinion, is it acceptable for an adult 1 Yesg
woman to travel outside the locality if she ’
0 No =&l
wants to?
Refuse to say 3% a7

oy T H, Far R 18 9 & 92 AR #1888
FET HROT ¥ Solih & T8 S 3R & 30K
gg =g g ar?

q T

In your opinion, should an adult woman
work outside of home if she wants to?
IMUFT T H, FAT TH 18 a¥ F 991 AT Fr
W H TR FH A I8V, IR a8 I8 &
ar?

Do you approve of a married woman
earning money if she has a husband
capable of supporting her?

9T T H, FIT Te Garied Al & W H
T HH A AT ARG 38 afd 3reoT
FHATAT & ar?

In your opinion, if the wife is working
outside the home, should the husband help
her with household/care duties?
T T H, A Tl T A a6 HIA F @D
g, ar = ofd # W F FEA A 3TH A
FE AR

Own Attitudes > Beliefs Tg #1 #Flgid > AT

207



Field Question Answer

Would you agree or disagree with the

. 258 following statements?
frifaf@a e & T 3T Far Sard ge
© HEHA AT IHEAT ?

It is much better for everyone involved if the

man is the achiever outside the home and 1 Agree F@gHAd

. 258A the women takes care of the home and 2 Disagree 3¥HgHAd
family. Refuse to say 3d% gof
g T & T A R G WA A OO0 g
FH F IR AT =W 3R 9Rar Fr q@ara
|

It is more important for a wife to help her

. 2588 husband's career than to have one herself.
I & T 39er Shfaer (HRWR) BT F FEr
FgcaquT & & 98 39 9fy & N (FR™)
# #Aeg M|

When a mother works for pay, the children
. 258C suffer.
o S T AT W ¥ 6T HIHF Fr &, ar sear
&1 SIS FAET BT AT

A working mother can establish just as
warm and secure a relationship with her

. 258D children as a mother who does not work.
T FHIAFBIST Al A9 Fodi & Y 37 8
FaEY IR @R Red F1 wnfia w1 wd @
St & o FIA FRA arell A AT Thol 2

WILLINGNESS TO WORK: IMPORTANT FACTORS &I &el & ot dIX: Hgeaqul &R

WILLINGNESS TO WORK: IMPORTANT FACTORS > Important factors
FH T & AU IR FAecdqol HRH > FAecaqol HRE

According to you, which of the following are

the most important reasons that affect the
. 259w decision for women to work for pay? 3fT9er

W H 8T FTH P hel-fohed Aol W IR

FLar g ?

According to you, which of the following are

the most important reasons that affect the

. 259m decision for women to work for pay? 3m9er
o Uooll T TR H ST T el fohed-fhat il
R AR Far & ?
. 259A Household chores/duties and child care 1 Yes gl

208



Field Question

W R seat fr @ gl

Family permission and support

aRAR 1 IR AR T

Husband’s salary

ofy T FAS F TART T § AT TG
More women at workplace

1A HT S W AT § A TG

More people at workplace of same caste
HTH HI SE W AT ST & oleT § a1 7187
Work at home facility

A R H 8T TheT & A

Wage rate/ Salary

AGY /A, Holr Rl Ao @

. 250H Any other
S 3T

If other, please specif

o please speciy

3§, d FIT T
WILLINGNESS TO WORK: IMPORTANT FACTORS > Constraints

FHIA HT & 0 AN AGeaqUl HRah > FA Fol H qrard

Answer

0 No #%&r

Refuse to say 3% &7
§ e T

What according to you are constraints that

women face in your locality in working for
. 260 pay? Select all the applicable constraints.

HIH ok H A GFwd/arae § St R '

SET HTH FA H AR HI TTHAT & g5

£2 |l ofrey arem3it 1 ThT |

Non-availability of jobs

ARt i Far

Non-availability of safe
jobs

TR ARt B FA

Low wages/salary

FHA AU/

Household
chores/duties

W F FA/FIET

Child care
gTar i @

Family permission and
support

TRaR # AR 3R
gaST
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Field

! 261

Question

If other, please specify. Enter 666 otherwise.

37 §, O P TS F| AT 666 &
Edl

WILLINGNESS TO WORK: IMPORTANT FACTORS > Preferred Jobs

HH FA o AU FIR: HecaqUl HReb > GHAIEl iRl

Answer

777 Other 31T

. 262

! 263

! 264

According to you, what kinds of work would
you like your wife to do if she had to work
for pay? Select all that apply

I9F IHFAR, I IR Teht T FraA/e
YA BT Al 3T &A1 FHIA THG Fel? o9 glot
arer T FH TIT IR |

If other, please specify. Enter 666 otherwise.

3= €, @ PRI TIST FY| HTAT 666 aoT
ey

According to you, what kinds of work would
you like to do if you had to work for pay?
Select all that apply.

Govt job in govt
establishment (e.g.
office, school, hospital)
WHRT AR (o
AR Tl AT IETTe
ar 3w )

Private job in private
establishment (e.g.
office, school, hospital)
wgde A (SR R
ST FHel AT IHETATS
ar 3ffee )

Factory job

$eFdr 7 Fr

Construction site
G AT HECFAT
|Ee ¥ FHA

Domestic help
Wi # gTg/deT A1 @rer
AT HT HTH

Home based work
FNE HH ST W &
ah

777 Other 31T
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Field

Question Answer

39 3R, Ife AT HrH/Sie HA 8T ar
Y FAT HTH HIAT GHG HM? AF] gt arel
T HT AT

If other, please specify. Enter 666 otherwise.
g €, FIT TIST R IHTAT 666 Gor
Eoy
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