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Abstract

Essays on Credit Markets in Rural India

by

Vaishnavi Surendra

Doctor of Philosophy in Agricultural and Resource Economics

University of California, Berkeley

Associate Professor Aprajit Mahajan, Chair

An understanding of household finance in rural communities is vital to poverty reduction
strategies in the developing world. Informal moneylenders continue to occupy a large part of
the financial landscape in many developing countries, and policy interventions often focus on
reducing the need for informal debt. In this dissertation, I focus on rural India, and study
the interaction between the formal and informal financial sectors, how credit and savings
policies impact local rural labor markets, and how labor market policies impact local credit
markets.

In the first chapter, I study the relationship between formal and informal credit markets.
These two sectors might either compete with each other, or be embedded in a vertical re-
lationship with informal lenders on-lending formal loans, or both. I test this by analyzing
whether credit market responses to demand shocks vary across environments with high and
low supplies of formal credit. Exploiting rainfall shocks as exogenous changes to household
incomes, I find that increases in incomes raise household borrowing from informal sources
primarily due to higher borrowing for purchases of durable goods. This increase in bor-
rowing is accompanied by an increase in informal loan interest rates, pointing to a demand
response. I then exploit plausibly exogenous variation in formal credit supply, and find that
the demand responses previously observed are absent when there are contractions in formal
credit, suggesting complementarities between formal and informal credit. I validate this
through a qualitative survey of informal moneylenders, who indicate using loans from banks
as lending capital. These results suggest that informal moneylenders play an intermediating
role between borrowers and formal financial institutions, contributing to their persistence in
the credit landscape.

In the second chapter, I turn to credit market policy interventions. Federal and state
governments in India have relied on women’s self-help groups (SHGs) to provide access to low-
cost credit and savings with the dual intent of financial inclusion and women’s empowerment.
I focus on one such SHG initiative in the state of Bihar, Jeevika, and exploit the randomized
roll-out of the program to evaluate its impact on women’s labor supply. I find that the
program had mixed effects across caste categories. Women from more privileged households
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increased their labor supply, while both women and men from disadvantaged households
decreased their labor supply. The decline in labor supply among disadvantaged households
is driven by reduced participation in agricultural wage labor, and is associated with an
increase in agricultural labor wage rates. These results suggest that better access to finance
reduces the need to sell labor as a coping mechanism for women from more vulnerable
households; while allowing women from privileged households to increase their participation
in more ‘suitable’ occupations.

In the third chapter, I explore the credit market impacts of changes in labor markets. In
the rural Indian context, both informal loans and participating in casual wage labor allow
households to cope with unanticipated income shocks. In 2006, the Government of India in-
troduced the National Rural Employment Guarantee Scheme (NREGS), which guaranteed
each rural household 100 days of paid manual wage labor each year — increasing oppor-
tunities for these households. I develop a theoretical model of household borrowing, and
derive testable predictions of how such an improvement in labor market opportunities might
impact a household’s demand for credit, and the interest rates at which informal loans are
contracted. I then exploit the staggered nature of the roll-out of this program to test these
predictions. I find that access to NREGS allowed households to increase consumption ex-
penditures, but had no significant effects on their informal borrowing. Unsurprisingly, the
program also did not impact interest rates or the number of lenders in the informal market.
These results, however, reflect short-term effects, and it is likely that over the longer-term,
credit market relationships will evolve with the quality of NREGS.



i

Contents

Contents i

List of Figures iii

List of Tables iv

Acknowledgements vi

1 The Moneylender as Middleman: Formal Credit Supply and Informal
Loans in Rural India 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 Theoretical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
1.4 Data and Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
1.5 Empirical Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
1.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

2 Access to Finance, Empowerment and Women’s Employment: Experi-
mental Evidence from Rural Bihar 27
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
2.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.3 Experimental Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
2.4 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
2.5 Effects of Jeevika . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
2.6 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3 Rural Employment Guarantees, Household Borrowing and Rural Credit
Markets in India 51
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
3.2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54
3.3 Theoretical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
3.4 Data and Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.5 Impact of NREGS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66



ii

3.6 Discussion and Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

References 76

A The Moneylender as Middleman: Formal Credit Supply and Informal
Loans in Rural India 86
A.1 Additional Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
A.2 Additional Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
A.3 Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

B Access to Finance, Empowerment and Women’s Employment: Experi-
mental Evidence from Rural Bihar 107
B.1 Additional Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107
B.2 Heterogeneous Treatment Effects, by Caste . . . . . . . . . . . . . . . . . . . 113
B.3 Alternative Estimators: Simple Differences, Difference-in-Differences . . . . . 117
B.4 Main Results, unweighted . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
B.5 Additional Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

C Rural Employment Guarantees, Household Borrowing and Rural Credit
Markets in India 126
C.1 Proofs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126



iii

List of Figures

1.1 Loan Size and Interest Rates by Lender Type . . . . . . . . . . . . . . . . . . . 5
1.2 Loan Terms by Lender Type . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
1.3 Impact of Rainfall Shocks on Household Borrowing and Interest Rates . . . . . 19
1.4 Reasons for which Moneylenders increase Interest Rates . . . . . . . . . . . . . 21
1.5 Moneylenders’ Lending Capital . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.1 Labor Force Participation in India . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.2 Women’s Labor Force Participation by District in India . . . . . . . . . . . . . 32
2.3 Study Districts in Bihar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
2.4 Wages at Baseline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
2.5 Wages at Endline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

A.1 Moneylender Interest Rates, 2019 . . . . . . . . . . . . . . . . . . . . . . . . . . 91
A.2 Moneylender Interest Rates, 2013 and 2019 . . . . . . . . . . . . . . . . . . . . 91

B.1 Labor Force Participation by Age . . . . . . . . . . . . . . . . . . . . . . . . . 125



iv

List of Tables

1.1 Rainfall and Rural Household Borrowing by Season . . . . . . . . . . . . . . . . 18
1.2 Rainfall and Interest Rates on Loans from Moneylenders . . . . . . . . . . . . . 20
1.3 Rainfall and Rural Household Expenditures . . . . . . . . . . . . . . . . . . . . 22
1.4 Rainfall and Any Outstanding Loans for Informal Firms in Rural India . . . . . 22
1.5 Rainfall and Rural Household Borrowing (Non-Monsoon) . . . . . . . . . . . . 23
1.6 Moneylenders’ Own Borrowing from Formal Institutions . . . . . . . . . . . . . 24
1.7 Rainfall, Formal Credit Supply and Rural Household Borrowing by Season . . . 25
1.8 Rainfall, Formal Credit Supply and Interest Rates on Loans from Moneylenders 26

2.1 Baseline Characteristics Across Caste Groups . . . . . . . . . . . . . . . . . . . 35
2.2 Baseline Labor Force Participation Across Caste Groups . . . . . . . . . . . . . 37
2.3 Program Take-up and Household Borrowing . . . . . . . . . . . . . . . . . . . . 41
2.4 Women’s Empowerment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
2.5 Labor Force Participation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
2.6 Participation by Occupation Type . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.7 Casual Labor Wages . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.1 Household Characteristics across Phases (in 1999) . . . . . . . . . . . . . . . . . 63
3.2 Consumption Expenditure and Livelihoods . . . . . . . . . . . . . . . . . . . . . 68
3.3 Loan Incidence (by Purpose) . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.4 Amounts Borrowed (by Purpose) . . . . . . . . . . . . . . . . . . . . . . . . . . 71
3.5 Any Loans Taken from Source? . . . . . . . . . . . . . . . . . . . . . . . . . . . 72
3.6 Amounts Borrowed from Source . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.7 Interest Rates . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
3.8 Village Credit Markets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

A.1 Household Summary Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
A.2 Summary Statistics - Household Credit . . . . . . . . . . . . . . . . . . . . . . . 87
A.3 Rainfall and District GDP . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88
A.4 Household Borrowing (Non-Monsoon) . . . . . . . . . . . . . . . . . . . . . . . . 88
A.5 Household Consumption and Purchases of Durables (Non-Monsoon) . . . . . . . 89
A.6 Household Borrowing and Purchases of Durables (Non-Monsoon) . . . . . . . . 90



v

B.1 Summary Statistics and Randomization Balance at Baseline . . . . . . . . . . . 107
B.2 Change in Work Participation and Borrowing from SHGs . . . . . . . . . . . . 110
B.3 Change in Work Participation and Savings though SHGs . . . . . . . . . . . . . 111
B.4 Consumption and Assets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112
B.5 Program Take-up and Household Borrowing . . . . . . . . . . . . . . . . . . . . 113
B.6 Women’s Empowerment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
B.7 Labor Force Participation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
B.8 Participation by Occupation Type . . . . . . . . . . . . . . . . . . . . . . . . . 116
B.9 Program Take-up and Household Borrowing . . . . . . . . . . . . . . . . . . . . 117
B.10 Women’s Empowerment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118
B.11 Labor Force Participation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
B.12 Participation by Occupation Type . . . . . . . . . . . . . . . . . . . . . . . . . 120
B.13 Casual Labor Wages . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
B.14 Program Take-up and Household Borrowing . . . . . . . . . . . . . . . . . . . . 122
B.15 Women’s Empowerment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
B.16 Labor Force Participation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
B.17 Participation by Occupation Type . . . . . . . . . . . . . . . . . . . . . . . . . 124



vi

Acknowledgments

Many wonderful individuals have enriched and enabled my journey through graduate
school. Aprajit Mahajan has been a patient and supportive advisor. He has always been
generous with his time, and has taught me to communicate research better, and to be a
better economist. With his insight, Ethan Ligon pushed me to develop intellectual disci-
pline; and his encouragement helped bolster my confidence when it was flagging. Jeremy
Magruder, Supreet Kaur and Betty Sadoulet helped me make my work more rigorous; and
I’m particularly grateful to Betty for her support over the last year.

My development as a researcher has also benefitted immensely from the mentorship
I’ve received from Biju Rao and Vivian Hoffmann. Working with them taught me to be a
collaborative researcher, and was the best introduction to policy relevant research. I owe a
similar debt of gratitude to Martha Olney, in whose Econ 1 course I’ve had the privilege of
being a graduate student instructor. With her kindness and approachability, she showed me
how to be a better teacher, communicator, and mentor.

The many individuals I met between 2012 and 2014 in Delhi, and in Palanpur, taught
me to value social justice; and along with my eclectic undergraduate education, profoundly
influenced my intellectual trajectory. I’m particularly grateful to Nick Stern, Himanshu,
Mukesh Eswaran, V. R. Muraleedharan, and Sudhir Chella Rajan — my early research
experiences with them piqued my interest in development economics.

I have had an especially supportive environment in the ARE department. A large part
of this was due to Manaswini Rao’s friendship and support; and I cannot imagine the last
six years without her collaborating, commiserating, and celebrating with me. Carmen Kara-
halios has been the best of allies; and her kindness has often helped lighten the load. I’m
lucky to have had a great cohort — I’ve learned from each of them, and found comfort in our
camaraderie. I’m also grateful to Dave McLaughlin, John Loeser, and the entire Develop-
ment Workshop group for their inputs into my research; to Neeraja S. A. for her invaluable
help with field work; and to Diana Lazo for her assistance with many an administrative task.

The last six years certainly would not have been the same without my non-economist
friends and family. Debanjan Mukherjee and Sharanya Prasad were my first friends in Berke-
ley, and along with Vasuki Narasimha Swamy and Nishant Totla, formed my support system
through most of graduate school. Beyond their friendship, each of them also helped me
engage with other disciplines, making this ‘Berkeley experience’ that much more rewarding.
From across continents, Vaaruni Eashwar, Gayathri Vijayaraghavan, Vaishnavi Srivathsan,
and Aadya Singh have been constant cheer-leaders. I’m particularly grateful to Gayathri
and Vaaruni for proof-reading this dissertation.

The unconditional love and support I’ve received from my family have contributed, in
no small measure, to the completion of this dissertation. Across Hyderabad, Bangalore,
Mumbai, and Denver — every visit over the course of graduate school left me nurtured and
uplifted. At every juncture, my brother, Arjun Surendra has been the best sounding board;



vii

and my father, T. S. Surendra has motivated me with his eternal optimism. My partner,
Amod Mital has constantly inspired me, given me perspective, and infused joy in the day-
to-day. I can’t imagine having undertaken this PhD without him. And finally, I’m grateful
to my mother, Latha Surendra, who has doggedly supported me, and equipped me with the
tools for critical thinking — she has truly been the wind beneath my wings.



1

Chapter 1

The Moneylender as Middleman:
Formal Credit Supply and Informal
Loans in Rural India

1.1 Introduction

Underbanked populations across the world are often forced to resort to high-interest non-
institutional loans, or rely on their networks for their credit needs. High-interest options
range from payday loans in the United States, to loans from informal moneylenders across
South Asia. The prevalence of such lending has prompted regulation,1 and countries across
the developing world have looked to expansions in formal finance to reduce high-interest
informal debt.

However, the informal credit market has continued to thrive despite expansions in the
formal financial sector across countries (Bell, 1990; Conning, 1996; Guirkinger, 2008; Hoff
& Stiglitz, 1998; Karaivanov & Kessler, 2018; Kochar, 1997; Mosley, 1999; Siamwalla et
al., 1990). In fact, in rural India, while 37 percent of indebted households had borrowed
from non-institutional sources in 1991 (NSSO, 2013b), over 41 percent had done so in 2016
(NAFIS, 2017). The literature on credit in developing countries has either assumed that
the formal and informal credit sectors compete (Bell, Srinivasan, & Udry, 1997; Giné, 2011;
Jacoby, 2008; Jain, 1999; Kochar, 1997), or that informal moneylenders on-lend institutional
loans (Floro & Ray, 1997; Hoff & Stiglitz, 1998; Jacoby, 2008). In this chapter, I explore
the interaction between the two sectors in rural India, and focus on the following questions:
(1) How does household borrowing respond to transitory income shocks, and how do these
responses alter the terms at which informal loans are contracted? (2) Does the availability of
formal credit impact an informal lender’s ability to meet unanticipated increases in demand?

I combine detailed nationally representative household and loan-level survey data with

1Anti-usury laws exist across countries, and extant laws regulating moneylending in India date back to
as early as 1940 (the Telangana Area Money Lenders Act, 1349F and the Bengal Money Lenders Act, 1940)
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data from firms, lenders and the banking system to answer these questions. I exploit the
seasonality of agriculture and variation in realized rainfall to estimate the impact of agricul-
tural productivity shocks on household borrowing, and establish that this represents a shock
to household demand for credit in the non-agricultural season. I then use quasi-random
variation in bank credit availability from a shift-share measure of changes in credit supply
(Greenstone, Mas, & Nguyen, 2019) to designate which districts experience a reduction in
formal credit. The interaction between these two shocks allows me to establish the nature of
the relationship between the informal and formal credit sectors. I supplement these results
with findings from a primary qualitative survey of informal moneylenders, and a subset of
village heads and borrowers in their ‘catchment areas’.

This chapter has three main sets of findings. First, when rural households experience an
unanticipated increase in income, measured by an increase in monsoon rainfall in a district,
borrowing from informal moneylenders increases. This is accompanied by an increase in
the interest rates at which informal loans are contracted. The increase in interest rates on
informal loans is not driven by changes in the composition of borrowers as the same borrower
is likely to have taken more expensive loans when demand went up. Thus, this represents an
increase in demand, rather than a change in supply. Consistent with this, moneylenders in
the primary survey report increasing interest rates when there are increases in demand. The
higher demand for informal credit following a positive income shock is driven by an increase
in loans for purchases of durable goods or consumption assets, likely due to indivisibilities
in such goods or assets which require lump-sum expenditures.

Second, when districts experience a contraction in formal credit, moneylenders are no
longer able to extend additional loans during periods of increased demand. Both national
sample survey data and primary survey data indicate that moneylenders themselves often
borrow from both formal and informal sources in order to extend loans to their clients.
Thus, when faced with a contraction in lending capital available to them, moneylenders are
unable to lend more than their ‘business as usual’ amounts. Together, these results suggest
that moneylenders do have a vertical relationship with formal lenders, and while they do
not exclusively source capital from them, formal financial institutions facilitate smoother
functioning of the informal market. Finally, in districts where households are unable to take
additional loans from moneylenders following an increase in incomes, households borrow more
interest-free loans from friends or relatives. These interest-free loans tend to be smaller, and
reflect informal reciprocal relationships.

This chapter contributes to the literature on the functioning of informal credit markets,
and the interaction between formal and informal credit institutions (Bell, 1990; Bell et al.,
1997; P. Bose, 1998; Casson, Giusta, & Kambhampati, 2010; Conning, 1996; Floro & Ray,
1997; Giné, 2011; Guirkinger, 2008; Hoff & Stiglitz, 1990, 1998; Jain, 1999; Karaivanov
& Kessler, 2018; Kochar, 1997; Mansuri, 2007; Mosley, 1999; Siamwalla et al., 1990). One
strand of this literature sees the two sectors as competing, possibly due to credit constraints in
the formal sector; while the other argues that the informal market primarily on-lends formal
credit. Madestam (2014) attempts to reconcile these two motives for co-existence of the two
sectors by arguing that one or the other might predominate depending on concentration of
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wealth and the strength of legal institutions in a given context. The set-up in this chapter
explicitly allows for both competing effects and channeling of funds, and finds evidence
consistent with a vertical relationship between the sectors. In addition, this chapter focuses
on the implications for consumption credit, rather than borrowing for production. This is
relevant in the present context in India, which has seen large expansions in formal credit for
agriculture and production through priority sector lending and schemes such as the Kisan
Credit Card.2 As a result, over 84 percent of informal loans (both interest-free and interest-
bearing) were taken for non-productive purposes in 2013 (NSSO, 2013a). Relatedly, more
recent work demonstrates how informal lenders respond to demand shocks, or competitive
pressure (Berg, Emran, & Shilpi, 2013; Demont, 2016; Hoffmann, Rao, Surendra, & Datta,
2020; Mallick, 2011; Mookherjee & Motta, 2016). With its finding that informal lenders do
increase interest rates when faced with increases in demand, this chapter adds to this body
of work.

Household purchases of durable goods and assets could also bolster their ability to deal
with unexpected negative shocks, and in this, the chapter’s findings relate to the extensive
literature on risk-coping in agrarian economies. Tests of the permanent income hypothesis in
developing country contexts (Friedman, 1957; Wolpin, 1982) indicate that rural households
save a larger fraction of transitory income than permanent income (Paxson, 1992). The
literature also indicates that in the face of negative shocks, households rely on formal and
informal insurance, informal credit, savings, sales of durable assets, labor supply and seasonal
migration as strategies to cope with risk and smooth consumption (Coffey, Papp, & Spears,
2015; Eswaran & Kotwal, 1989; Kochar, 1999; Ligon, 2005; Morten, 2019; Paxson, 1992;
Rosenzweig & Binswanger, 1993; Rosenzweig & Stark, 1989; Rosenzweig & Wolpin, 1993;
Udry, 1994). With its analysis of household borrowing responses to agricultural productivity
shocks, this chapter’s findings also relate to the literature investigating the impact of such
shocks on rural economic outcomes in India, such as impacts on wages for agricultural labor,
participation in agricultural and non-agricultural labor, and firm outcomes (Colmer, in press;
Emerick, 2018; Jacoby & Skoufias, 1998; Jayachandran, 2006; Kaur, 2019; Santangelo, 2019;
Wolpin, 1982).

Finally, a strand of literature has considered the impacts of an expansion in formal credit
on growth and welfare. Findings from India suggest that early bank expansions (in the
1950s) disrupted the informal saving-by-lending institutions as savings in formal institu-
tions became available (Wolcott, 2017). Later expansions in unbanked regions decreased
poverty and increased agricultural output (Burgess & Pande, 2005), increased consump-
tion inequality (Kochar, 2011), and bank nationalization in the 1980s slowed employment
gains in trade and services (Cole, 2009). More recent bank branch expansions (since 2005)
also increased local GDP (Young, 2019), while financial inclusion initiatives such as the
banking correspondent system allowed rural households to increase their savings (Kochar,
2016). Relatedly, India has also seen a spread of bank-linked self-help group programs, as
well as microfinance institutions (MFIs), which could be thought of as being in-between

2Kisan is the Hindi word for farmer.
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formal and informal lenders in a continuum from banks to friends & relatives. Examples of
the extensive research on their functioning and impacts both in India and other developing
country contexts are Angelucci, Karlan, and Zinman (2015); Attanasio, Augsburg, de Haas,
Fitzsimons, and Harmgart (2015); Augsburg, Haas, Harmgart, and Meghir (2015); Banerjee,
Duflo, Glennerster, and Kinnan (2015); Banerjee, Karlan, and Zinman (2015); Berg et al.
(2013); Breza and Kinnan (2018); Crépon, Devoto, Duflo, and Parienté (2015); deJanvry,
McIntosh, and Sadoulet (2010); Demont (2016); Ghatak and Guinnane (1999); Hoffmann et
al. (2020); Karlan and Zinman (2009, 2010); Meager (2019); Tarozzi, Desai, and Johnson
(2015) among many others. This chapter adds to both sets of literature by evaluating the
impact of changes in the intensive margin of formal credit supplied to a region, where other
work evaluated changes in the extensive margin. While the chapter’s findings suggest no
direct significant impact on rural household borrowing, contractions in formal credit supply
reduce the ability of informal lenders to respond to demand shocks.

1.2 Background

1.2.1 Household Borrowing in Rural India

Around half of all rural households in India are indebted,3 and the median indebted household
owed approximately |40,000 to its creditors in 2012-13.4 Households across all levels of
wealth borrow (Banerjee, 2003; NAFIS, 2017), and they do so from both institutional and
non-institutional sources. On average, institutional loans are larger than non-institutional
loans; but tend to have lower interest rates than interest-bearing non-institutional loans
(Figure 1.1). Non-institutional (or informal) loans are either interest-free or interest-bearing,
and the interest-bearing loans are usually from professional moneylenders, pawnbrokers,
landlords, input-traders, local shop-keepers or friends and relatives, while interest-free loans
tend to be from friends, relatives or patrons (Dréze, Lanjouw, & Sharma, 1998; ICRISAT,
2014). Despite there being no explicit interest charged, these loans come with implicit
interest in the form of obligatory reciprocity (Ambrus, Mobius, & Szeidl, 2014; Hayashi,
Altonji, & Kotlikoff, 1996; Ligon, 2005; Ligon & Schechter, 2012; Udry, 1994). In 2013, 31
percent of all loans transacted were interest-bearing non-institutional loans, while 20 percent
of all loans were interest-free (NSSO, 2013b).

Around 70 percent of all loans are reported as being taken for non-productive needs —
consumption expenditures, purchases of assets and durable goods, education and medical
expenses (NAFIS, 2017; NSSO, 2013a).5,6,7 Loans for different purposes tend to be from

353 percent of rural households were indebted in 2012-13 (NSSO, 2013b); 47.4 percent of them were
indebted in 2016-17 (NAFIS, 2017); and this was up from 43 percent of households in 1993 (NSSO, 2013b)

4This is in 2012-13 prices, or Rs. 56,381 in current rupees; and is equivalent to $730 in 2012-13 USD or
$796 in current USD

574 percent of all loans were for non-productive needs in 2016-17 (NAFIS, 2017)
6This is 70 percent by number of loans and 68 percent by amount borrowed in 2012-13, (NSSO, 2013b)
7This is different from findings in earlier studies such as Timberg and Aiyar (1984), Banerjee (2003) and
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different sources — loans for production (both agricultural and non-agricultural) are more
likely to be from institutional sources, while loans for consumption are more likely to be
from non-institutional sources (NSSO, 2013a). More specifically, pawnbrokers might help
smooth income, self-help groups and banks might provide loans allowing economic invest-
ments, local moneylenders might provide large loans for ceremonies and life-cycle events, and
‘mobile lenders’ might help with emergency loans (Guérin, Roesch, Venkatasubramanian, &
D’espalliers, 2012).8,9
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Figure 1.1: Loan Size and Interest Rates by Lender Type

1.2.2 Non-institutional lenders

Non-institutional lenders,10 or moneylenders, in developing countries have long been thought
of as being monopolistically competitive, since a lender who has “screened an individual and
assessed the likelihood of repayment, is an imperfect substitute for any other moneylender”
(Hoff & Stiglitz, 1998). In a primary survey of 140 moneylenders in Telangana (Telangana
Survey, 2020), I find that 50 percent of lenders surveyed lend to a new borrower only if
someone they know vouches for them; 27 percent lend based on a subjective notion of
creditworthiness;11 17 percent only lend to a new borrower if they own assets (land, gold or

in NSSO (2013b) data for the year 1991 — all of which indicate that production is main reason households
borrow

8Guérin et al. (2012) observe this in Tamil Nadu, but this is also borne out in qualitative work in Bihar.
9The difference between ‘mobile lenders’ and other moneylenders appears to be that the latter are well-

known, established or powerful people in the village and failing to repay such loans leads to a larger loss of
status than other types of lenders.

10Here I consider non-institutional lenders who provide interest-bearing loans.
11Responses indicate this is based on ‘family background’ or whether the potential borrowers are ‘good’;

and occasionally, lenders report lending with ‘confidence’ in addition to the former.
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a house); and 5 percent do not lend to new borrowers. This is consistent with older analyses of
informal moneylending which suggest that informal lending markets are segmented (Aleem,
1990; Hoff & Stiglitz, 1990) — and it appears that this is along caste and class lines (Khanna
& Majumdar, 2018; Telangana Survey, 2020). Multiple lenders operate in a village market,
and residents of the median village in the sample (Telangana Survey, 2020) borrowed from
8 different lenders inside, and 2 lenders outside, the village — with each lender lending to
around 10 borrowers in the village.

Non-institutional lenders offer loans at interest rates between 6 and 240 percent annually
(Hoffmann et al., 2020; ICRISAT, 2014; NSSO, 2013b; RBI, 2012; TNSMS, 2009), and larger
loans tend to have lower interest rates (Banerjee, 2003; Dasgupta, Nayar, & Associates, 1989;
NSSO, 2013b). These loans may have interest rates that are daily,12 weekly, monthly or
yearly (ICRISAT, 2014; Jeevika, 2014). While loans do have approximate standard durations
(often between a few months and one year) (Telangana Survey, 2020, Figure 1.2), they
can also evolve over time according to the constraints of borrowers and lenders (Guérin
et al., 2012). Non-institutional loans tend to have low levels of default (Banerjee, 2003;
Timberg & Aiyar, 1984) — 36 percent of lenders in the Telangana Survey (2020) sample
reported no defaulters, and a cumulative total of 95 percent of lenders reported that fewer
than 25 percent of borrowers ever defaulted.13 Around 89 percent of lenders (in Telangana
Survey, 2020) reported that less than a quarter of borrowers ever repaid late. Default and
delayed payments are dissuaded by the mechanisms lenders have in place to deal with these
eventualities. For instance, 58 percent of lenders (in Telangana Survey, 2020) either required
land or property documents,14 gold or other assets, promissory notes or a co-signer.15 In cases
where repayment ends up being delayed, 75 percent of lenders report charging additional
interest, while 17 percent allow additional time to repay. In cases where lenders fear default,
apart from additional interest or taking possession of collateral, lenders also report resorting
to coercion or social pressure through the Panchayat or co-signer. A few lenders report
seizing durables from borrowers’ homes, and one lender reported potentially sending goons
after the borrower (Telangana Survey, 2020).

Recent empirical evidence suggests that interest rates charged by local moneylenders re-
spond to competitive pressure or to demand shocks, though the evidence is mixed.16 Specific
to the Indian context, Demont (2016) finds that whether informal interest rates rise or fall

12An example of daily interest rates is the case of the street vendors who borrow in the morning and
return loans at the close of the day’s business in Karlan, Mullainathan, and Roth (2019)

13This is also verified by qualitative fieldwork in Bihar by my colleague, Shruti Majumdar, who finds
that there is no notion of default since there is always some way repayment is worked out — either through
compounding interest rates after an initial period, or an agreement relating to a labor or in-kind transaction.

14Property is either a house, or rarely, a vehicle
15The co-signer is referred to as a witness or middleman, who might be called on to repay the loan upon

default.
16In Bangladesh, Mallick (2011) and Berg et al. (2013) find that interest rates on informal loans increase

when microfinance institutions enter a village market since the borrowers that continue to borrow from
informal lenders are the ones who are less creditworthy. While, Kaboski and Townsend (2012) find no
statistically significant impact of microfinance lending on informal lender rates in Thailand.
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following the entry of microfinance institutions or self-help groups depends on the size and
risk-composition of the market that continues to borrow from informal lenders (resulting in
a U-shaped relationship between informal interest rates and SHG coverage overall). Hoff-
mann et al. (2020) find that informal interest rates decline and fewer moneylenders operate
in a village following the entry of a self-help group program — suggesting a response to
competitive pressure.17
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Figure 1.2: Loan Terms by Lender Type

1.2.3 Institutional lenders

Institutional credit from banks in India is planned and targeted. Each state in India has
a ‘State Level Bankers Committee’ which determines its Annual Credit Plan (ACP) at the
start of the fiscal year. This plan is an aggregate of district level plans which in turn aggregate
plans at the bank branch level. In addition, the Reserve Bank of India requires that all banks
lend 40 percent of bank credit to the ‘priority sector’ — agriculture, small scale industries
and ‘weaker sections’ (Cole, 2009; RBI, 2018b) — and this is part of the ACPs.18

The median district in India had 10,000 adults per bank branch in 2014 (RBI, 2014),
and the RBI continues to incentivize banks to open branches in underbanked districts.19

17This is also suggested in media reports of moneylenders lowering interest rates following a fall in demand
for loans due to the implementation of Generalized Sales Tax (GST) in India in 2017. “GST crashes even
money lenders’ usurious rates,” by Saikat Das (Economic Times).
Accessed on 11/11/2019 at: https://economictimes.indiatimes.com/markets/stocks/news/gst-crashes-even-
money-lenders-usurious-rates/articleshow/60919609.cms?from=mdr

18As per the RBI, the following categories of borrowers fall qualify as ‘weaker sections’ — small and
marginal farmers, artisans, village and cottage industries, beneficiaries under government sponsored schemes,
scheduled castes and scheduled tribes, self help groups, distressed farmers indebted to non-institutional
lenders, persons with disabilities, individual women beneficiaries up to Rs. 0.1 million. The 40 percent
target is pegged to the Adjusted Net Bank Credit in the preceding year

19The current policy does this by allotting licenses for branches in metropolitan areas only if banks also
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Formal banks channel credit to rural populations, in particular, through the Kisan Credit
Card (KCC) scheme,20 and aim to facilitate financial inclusion through zero-balance bank
accounts and banking correspondents for villages with no nearby bank branches (Kochar,
2018). Other channels through which credit is extended are through MFIs;21 and the SHG-
bank linkage program,22 through which SHGs can borrow from banks under ‘priority sector’
lending targets. However, MFI and SHG loans formed only about 9 percent of loans taken
and 3 percent of the amount borrowed by rural households in 2013 (NSSO, 2013b).23

1.3 Theoretical Framework

I outline a model of a rural economy with borrowers and lenders to derive testable predictions
about the relationship between institutional and non-institutional credit. While households
in real-world rural settings borrow for both production and consumption, to make the model
more tractable, I focus on loans for consumption and agents’ decisions following the main
agricultural season.24 The model draws on earlier work relating to household consumption
and loan decisions (Hanemann, 1984; Ligon & Worrall, 2020; Ngo, 2018, etc), as well as
theoretical literature on informal lending (Hoff & Stiglitz, 1998; Karaivanov & Kessler, 2018,
etc).

1.3.1 Setup

I assume that the local rural economy consists of a continuum of borrowing households,
with households indexed by their endowment, θ. This endowment could be thought of as
a household’s landholdings or wealth, and is distributed over the interval [θL, θH ] according
to the function, F (·) or density, f(·). I consider a two-season deterministic horizon, which
allows me to focus on the relationship between borrowing for durables and income. However,
this set-up does not allow uncertainty to play a role in borrowing, and so I cannot address
other motives for borrowing (for example, borrowing to enable precautionary savings). Each
household derives a per-season utility, u(·) (with u(0) = 0, u′(·) > 0, and u′′(·) < 0), from
the consumption of a good, ct. A household may also choose to purchase a durable good,
D, in season 1, and in doing so, benefits from the services, d, provided by the durable over

open a branch in an underbanked district. This is different from the social banking era that Burgess and
Pande (2005) analyze

20The KCC offers credit to farmers for agricultural investment, and to meet consumption needs over the
agricultural season

21Microfinance institutions often operate as RBI-regulated Non-Banking Financial Institutions (NBFCs)
(RBI, 2018a) and lend either to individual clients, or adopt the self-help group structure.

22self-help groups (SHGs) consist of groups of 10-15 individuals (usually women) who commit to weekly
savings, and have access to loans through the group (Hoffmann et al., 2020).

23This had gone up to about 20 percent of loans taken and 10 percent of amount borrowed by 2017
(NAFIS, 2017) which is after the period considered in the main analyses in this chapter.

24The rain-fed kharif season in India, concurrent with the annual monsoon.
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both seasons. The good, ct, is the numeraire good,25 and the price of the durable good, D,
is p > 1.

Each household earns a per-season income, Rθ, which depends on its endowment and an
exogenous productivity parameter, R. R could be thought of as the monsoon realization in a
given year, which impacts both agricultural and non-agricultural incomes alike (Table A.3).
Households also choose whether, and how much to borrow in the first season, and choose
between institutional loans, bB, interest-bearing non-institutional loans, bm, and interest-free
non-institutional loans, bf . Loans from institutional sources bear interest, rB, while interest-
bearing non-institutional loans cost r. Though interest-free non-institutional loans bear no
explicit interest, they do come with implicit interest in the form of necessary reciprocity or
social obligations (Ambrus et al., 2014; Hayashi et al., 1996; Ligon, 2005; Ligon & Schechter,
2012; Udry, 1994), represented in the model as a utility cost, δ(θ), in season 2. In this
set-up, consumption loans from institutional sources tend to be cheaper than loans from
non-institutional sources, but are only available to relatively wealthier households because
they require large collateral.

Assumption 1. Only households with an endowment greater than a threshold, θ̄, are able
to borrow from institutional sources for consumption.

These households always choose an institutional loan over a non-institutional loan since they
are cheaper, i.e., rB < r.

1.3.1.1 Demand for Informal Credit

For a household that borrows from a moneylender, its utility across the two seasons is

Uml = u(c1) + d1{D = 1}+ β
[
u(c2) + d1{D = 1}

]
. The exogenous productivity parameter,

R, is realized at the start of season 1, and each household earns Rθ in both seasons. A
household may also borrow in season 1, and in the case of interest-bearing non-institutional
loans (or moneylender loans), its consumption is given by:

c1 + p1{D = 1} = Rθ + bml

c2 = Rθ − rbml

Assumption 2. Households are not able to obtain interest-free non-institutional loans to
purchase durables.

In the case of interest-free non-institutional loans, the household also bears a utility cost,
δ(θ), which depends on the household’s endowment and reflects potential obligations or
reciprocity in the future (δ(·) is an invertible function, with δ′(·) > 0 and δ′′(·) > 0). So, the

household’s utility is Uf = u(c1) + β
[
u(c2)− δ(θ)

]
, and its consumption is given by:

25I assume that the price remains unchanged across the two-seasons.
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c1 = Rθ + bf

c2 = Rθ − bf
Assumption 3. The cost of defaulting on either interest-free or interest-bearing non -
institutional loans is high enough to prevent default for all loan sizes, so ∀ θ, Uml(repay) >
Uml(default) and Uf (repay) > Uf (default).

This assumption is realistic, since moneylenders report very low default rates, and borrowers
report that penalties for default are high enough to prevent default (Telangana Survey, 2020);
and in fact, over 94 percent of lenders surveyed report that default rates are between 0 and
25 percent (the data does not allow further disaggregation). To further simplify the model, I
assume that u(·) is the natural log function. A household’s demand for a moneylender loan
is then given by,

b∗ml =
(1− βr)
r(1 + β)

Rθ + 1{D = 1} βr

r(1 + β)
p, (1.1)

while its demand for an interest-free loan is given by,

b∗f =
(1− β)

(1 + β)
Rθ (1.2)

Proposition 1. Only households with an endowment below θ borrow interest-free non-
institutional loans, while those with an endowment above θ borrow interest-bearing non-
institutional loans. θ is the endowment where the cost of borrowing from either are equal,

i.e., δ(θ) = (1+β)
β

ln
[

2
1+r

]
+ 1

β
ln r or θ = δ−1

[
(1+β)
β

ln
[

2
1+r

]
+ 1

β
ln r

]
.

Proof. See Appendix A.3.

Proposition 2. Households that borrow from moneylenders choose to purchase the durable
good when θ ≥ θ̂ = ed

(ed−1)
r

(1+r)
p
R

.

Proof. See Appendix A.3.

Based on these household decisions, the total demand in the local economy for interest-
bearing non-institutional loans, or moneylender loans, is given by:

L∗ =

∫ θ̂

θ

b∗mf(θ)dθ +

∫ θ̄

θ̂

b∗m,df(θ)dθ (1.3)



11

Proposition 3. Total demand for moneylender loans is L∗ = R(1−rβ)
r(1+β)

[
θ̄F (θ̄) − θF (θ) −∫ θ̄

θ
F (θ)dθ

]
+ βp

(1+β)

[
F (θ̄)− F (θ̂)

]
.

Proof. See Appendix A.3.

1.3.1.2 Supply of Informal Credit

I now restrict attention to the supply of interest-bearing informal credit (loans from informal
moneylenders); and following Hoff and Stiglitz (1998), I consider a monopolistically com-
petitive market. Moneylenders tend to offer a menu of interest rates to their borrowers,
depending on how urgently loans are required, or the loan purpose. A caveat here is that I
abstract away from these factors in this model, and the interest rate here could be thought
of as an average within this menu.

Assumption 4. Lenders are endowed with liquid capital, K, and a production technology,
B(·) such that B(0) = 0, B′(·) > 0, B′′(·) < 0. There are NL such lenders in this rural
economy, each earning zero profit in the long-run equilibrium.

Lenders can also borrow, G, from institutional sources, and either lend, invest in B(·), or
both. B(·) is scaled up or down by the exogenous productivity parameter, R. A lender
that lends, l, in the informal credit market, receives a return of rl in the following season.
The lender also invests K + G − l in production, which yields R × B(K + G − l) in the
following season. I consider the symmetric case with NL identical lenders. Each lender’s
profit function is defined by,

Π = rl +RB(K +G− l)− rBG (1.4)

where l = L
NL

, and L is determined by the household’s decisions above. Each lender, thus,
faces a demand of:

l =
L

NL

=
1

NL

{
R(1− rβ)

r(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]

+
βp

(1 + β)

[
F (θ̄)− F (θ̂)

]}

In addition, as a result of monopolistic competition, lenders make no economic profit. The
zero profit condition is defined by,

rl +RB(K +G− l)− rBG = RB(K +G)− rBG (1.5)
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Proposition 4. In the symmetric equilibrium, each lender chooses an interest rate, r∗, that
satisfies

R(1− rβ)

r(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]

+
βp

(1 + β)

[
F (θ̄)− F (θ̂)

]
=

[
RB′(K +G− l)− r

]{ −R
r2(1 + β

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]
−

R(1− rβ)

r(1 + β)
θf(θ)

dθ

dr
− βp

(1 + β)
f(θ̂)

dθ̂

dr

}

Proof. See Appendix A.3.

1.3.2 Testable Predictions

I relate the market equilibrium informal interest rate, and quantity borrowed, to changes in
the exogenous productivity parameter, R, and changes in the formal or institutional credit
supply, G. In the rural Indian context, rainfall during the monsoon increases local incomes
(Table A.3), and an increase in monsoon rainfall26 could be thought of as an increase in R.

Proposition 5. An increase in the exogenous productivity parameter, R, increases the equi-
librium informal interest rate, r, i.e., dr

dR
> 0

Proof. See Appendix A.3.

Proposition 6. An increase in the exogenous productivity parameter, R, increases the equi-
librium amount borrowed from informal moneylenders, L (or dL

dR
> 0) when Φ ≥ 0.

Proof. See Appendix A.3.

With the increase in R, lenders see an increase in returns to their outside option, and
this increases the opportunity cost of lending. On the borrowers’ side, an increase in R
increases the number of households which are able to purchase durables with their loans. As
a result, the equilibrium interest rate is higher. At the same time, a higher interest rate also
means that more households might now prefer interest-free informal loans to interest-bearing
informal loans. This results in some substitution out of the moneylender market. When the
substitution into interest-free loans is small, we expect to observe an increase in the total
quantity borrowed along with an increase in the interest rates.

26except in a flood situation
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Assumption 5. An exogenous increase in formal credit increases the number of borrowers
who can borrow from institutional sources, i.e., dθ̄

dG
< 0. Conversely, an exogenous decrease

in formal credit decreases the number of borrowers who can borrow from institutional sources,
i.e., dθ̄

d(−G)
> 0.

Proposition 7. An exogenous contraction in the formal credit supply, G, increases the
equilibrium informal interest rate, r, i.e., dr

d(−G)
> 0.

Proof. See Appendix A.3.

Proposition 8. An exogenous contraction in the formal credit supply, G, decreases the
equilibrium amount borrowed from moneylenders, L, i.e., dL

d(−G)
< 0 if | dθ̄

dG
| < |Ψ1|, and

increases the equilibrium amount borrowed from moneylenders, L, i.e., dL
d(−G)

> 0 if | dθ̄
dG
| >

|Ψ2|. The effect is ambiguous when |Ψ1| < | dθ̄dG | < |Ψ2|

Proof. See Appendix A.3.

A contraction in the supply of formal credit might directly increase the demand for
loans from moneylenders since fewer borrowers are able to borrow from formal sources. A
contraction in formal credit supply might also reduce the capital lenders themselves have,
and thus reduce the supply of moneylender loans. Thus, if the direct impact of a contraction
in formal credit supply on the number of eligible borrowers from the sector is large, i.e., if
| dθ̄
dG
| is large, then the net effect is an expansion in borrowing from informal moneylender;

while the converse is true if | dθ̄
dG
| is small.

Proposition 9. An exogenous increase in the productivity parameter, R, has a smaller
impact on the equilibrium informal rate when formal credit supply, G, is low than when it is
high (i.e., d2r

dRd(−G)
< 0), provided χ < 0.

Proof. See Appendix A.3.

Proposition 10. An exogenous increase in the productivity parameter, R, has a smaller
impact on the equilibrium amount borrowed when formal credit supply, G, is low than when
it is high (i.e., d2L

dRd(−G)
< 0), provided Ω > 0 and χ < 0.

Proof. See Appendix A.3.

Propositions 9 and 10 address the impact of an increase in the productivity parameter,
R, across environments with high and low supplies of formal credit, G. The intuition behind
the two propositions is that if the direct impact of the level of formal credit on demand for
informal loans is small (i.e., | dθ̄

dG
| is small), then the effect G has on borrowing and interest

rates is largely through its impact on the supply of informal credit. At low levels of G,
moneylenders have lower levels of lending capital, and this could be seen as an inward shift
in the supply curve with resultant higher interest rates. In this environment, an increase in
R, does not increase the amount borrowed as much as when G is higher.
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1.4 Data and Empirical Strategy

1.4.1 Datasets

Household credit data is primarily constructed from the Indian National Sample Survey
(NSS)’s Debt and Investment rounds. The survey is representative of India’s over 600 dis-
tricts,27 and this paper focuses on the rural sample. Each survey round was conducted over
a calendar year (2003 and 2013), and each household was visited twice within each round.
The first visit references a household’s assets and liabilities as on June 30th June, 2002 or
2012, and the second, as on June 30th, 2003 or 2013. In addition, the survey also records all
loan transactions between the end of the reference period and the day of the survey. As a
result, there is a stacked household panel of all loans taken in a year that are outstanding at
the end of the survey reference year; and another panel of all loans taken between the end of
the survey reference year and the date of the survey. The surveys also record expenditures
on land, capital assets and savings.

A second source of data on household borrowing is the ICRISAT28 Village Dynamics
survey, with data from 866 households29 in 18 villages in 9 districts in the states of Andhra
Pradesh,30 Maharashtra, Karnataka, Gujarat, and Madhya Pradesh. Each household is
surveyed every month between 2010 and 2014,31 and the survey records monthly loan trans-
actions, monthly consumption expenditures and monthly purchases of durables and capital
assets.

In addition, I use data on informal firms (and moneylenders) from the Informal Enterprise
survey rounds of the NSS. This is supplemented with data from a primary phone survey of
120 informal lenders in 30 villages in 6 districts of Telangana and an additional 20 lenders in
nearby urban centers. Accompanying this is a village survey of the 30 villages, and a survey
of 60 borrowers who borrow from these lenders. The survey was carried out in summer
2020, and references lending in 2019, with retrospective data from 2013 for those lenders
who operated then (Telangana Survey, 2020). Data on credit from formal banks is obtained
from the Reserve Bank of India’s Basic Statistical Returns for the years 1998 — 2016. This
dataset has information on credit outstanding, credit limits and number of accounts at the
loan type × bank group level for a district.32 Rainfall data is from the University of Delaware
Global Precipitation Archive’s Terrestrial Precipitation: 1900-2017 Gridded Monthly Time
Series (version 5.01).

27The survey covers 634 districts in the 2012-13 round.
28ICRISAT is an acronym for International Crops Research Institute for the Semi-Arid Tropics.
29Some of the 866 households in 2010 split, and there are 870 unique households in 2014.
30The state is now split into Andhra Pradesh and Telangana.
31Data from the year 2009 are excluded since transactions are not recorded by month, but in arbitrary

chunks through the survey year — making it difficult to assign a transaction to a month or season.
32This data is available on the RBI’s online data warehouse which is accessible at https://dbie.rbi.org.in/

for the years 2014 onwards. Data for the years 1998 to 2014 was obtained through a Right to Information
petition to the Reserve Bank of India.

https://dbie.rbi.org.in/
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1.4.2 Rainfall shocks

The Willmott and Matsuura (2017) gridded dataset consists of monthly observations of
rainfall from rain-gauge measurements interpolated to a 0.5◦ by 0.5◦ latitude-longitude grid.
I focus on monsoon rainfall in a given year, and define that as being the total rainfall in the
months of June, July, August and September. The rainfall for a given district is the rainfall
in the grid cell nearest to the district’s centroid. The primary rainfall shock measure I use is
the deviation of a district’s total monsoon precipitation in a year from its historical mean,
normalized by its standard deviation (Emerick, 2018). The historical mean and standard
deviation for each grid-cell (and district) are computed from the 50-year distribution (1967-
2017).

1.4.3 Formal sector credit supply

Data from the Reserve Bank of India are at the loan-type × population-group × bank-group
level for each district as on 31st March of a given year. I use the credit limit in a given
year to estimate the national growth in credit for each bank-group by regressing the change
in the credit limit from one year to the next on loan-type (or industry), population group,
bank-group and district fixed effects (following Caldwell & Danieli, 2018):33

∆t
t−1log Cirjd = gi + gr + gj + gd + εirjd

This allows me to back out a national bank-group specific measure of growth in credit, ĝj,
that is not driven by district-, industry- or population group- specific trends. Using this
measure of bank-group growth, I construct a district specific credit-growth measure using a
weighted average of national bank-group credit growth, weighted by each bank-group’s share
in a district in the base year.34

Bd =
∑
j

st−1
jd × ĝj

This is similar to the construction of a standard shift-share or ‘Bartik’ instrument.35 How-
ever, as opposed to a leave-one-out estimate, this construction ensures that Bd is not driven
by local or regional shocks (Caldwell & Danieli, 2018).

1.4.4 The Effect of Weather on Local Credit Market Outcomes

I define a local market as being a district, focusing on households, firms and banks in a
district in order to test the impacts of weather fluctuations on local credit markets. I assume
that rainfall shocks are transitory and serially uncorrelated (Emerick, 2018; Jayachandran,

33Caldwell and Danieli (2018) use this construction of a Bartik instrument in the context of labor markets,
to instrument for a shock to outside options of workers.

34The bank-group’s share is its share of bank-accounts out of the total in a district.
35Used in Autor and Hanson (2013); Bartik (1991); Blanchard and Katz (1992); Caldwell and Danieli

(2018); Card (2001) etc. It was used specifically as a shock to credit supply in Greenstone et al. (2019).
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2006; Kaur, 2019; Paxson, 1992; Rosenzweig & Wolpin, 1993; Santangelo, 2019; Townsend,
1995). I first estimate the following specifications using household data where a household-
month is the unit of analysis. The structure of the dataset allows controlling for month-
of-year, year, district, and state-year fixed effects. Pooling all months, however, does not
adequately reflect possible differences in borrowing across seasons. For instance, during
the monsoon season, the impact of a rainfall shock might be the direct result of increases
in agricultural productivity,36 since incomes for cultivating households are realized upon
harvest (in October/November). For labor households, increased demand for labor and wages
(Jayachandran, 2006; Kaur, 2019) might result in increased incomes during the monsoon too.
Following the main agricultural season, incomes are realized,37 and responses to a rainfall
shock could be thought of as a response to the resulting income shock at the district level. To
test for season-specific impacts of rainfall, I estimate regressions separately for each season.38

In (1), I control for household fixed effects, for outcomes where this is possible; and in (2),
I control for household characteristics. Of interest here is β1, which captures the reduced
form impact of a rainfall shock on household borrowing.

Yidsmt = β1Raindt + µm + ψd + τst + λi + εidsmt (1.6)

Yidsmt = β1Raindt + µm + ψd + τst +Xitδ + εidsmt (1.7)

For outcomes measured at the loan level, I also control for loan characteristics, and estimate
the effect of rainfall shocks on loan level outcomes by season,39 In addition, since there
aren’t always multiple loans taken by the same household from the same source, I estimate
a regression controlling for household characteristics rather than household fixed effects as
the primary specification:

Ylidsmt = β1Raindt + µm + ψd + τst + Llitφ+Xitδ + εlidsmt (1.8)

1.4.5 The Effect of Weather when Formal Credit Supply
Contracts

In the second part of the analysis, I test whether the availability of formal credit in a
district matters for informal credit market outcomes, and how weather-induced demand
shocks impact these outcomes. I introduce a formal credit supply shock term to the empirical
framework described above, and estimate effects on outcomes at both the household level,
and the loan level.

Yidsmt = δ1Raindt + δ2Ldt + δ3Raindt × Ldt + µm + ψd + τst + λi + εidsmt (1.9)

36The increase in agricultural productivity might also increase expectations of income
37This is only a part of the yearly income, if the household cultivates in the Rabi or non-rain-fed season
38The monsoon is June — October, and Non-monsoon is Nov — May
39I consider the Monsoon, and Non-monsoon seasons.
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Yidsmt = δ1Raindt + δ2Ldt + δ3Raindt × Ldt + µm + ψd + τst +Xitδ + εidsmt (1.10)

The equation below represents regressions at the loan level.

Ylidsmt = δ1Raindt + δ2Ldt + δ3Raindt × Ldt + µm + ψd + τst + Llitφ+Xitδ + εlidsmt (1.11)

The variable, Ldt is an indicator that switches on for districts which see a decrease in credit
supply in a given year.40 Of interest here are the co-efficients, δ1, δ2, δ3, which represent the
reduced form impact of the rainfall-shock, the reduction in credit supply, and the interaction
between the two respectively.

1.5 Empirical Results

1.5.1 The Effect of Weather on Local Credit Market Outcomes

Increases in rainfall increase local incomes, not just in the agricultural sector but also in
the non-agricultural sector (Table A.3). This is likely to be the case only following harvest
in the main rainfall-dependent growing season (Kharif ), which extends from June to Octo-
ber or November. To distinguish between a household’s borrowing response to an income
shock and household’s direct borrowing response to an agricultural productivity shock, I
estimate the impact of a rainfall shock on household borrowing separately for the monsoon,
and non-monsoon seasons. Table 1.1 indicates that households borrow more from informal
moneylenders in the non-agricultural season following a positive rainfall shock. There is no
significant impact on household borrowing from friends and relatives. These effects hold in
the sample with loans that remain outstanding at the end of the reference period (i.e., 31st

June of the relevant year, in panel B), and also in the sample of all loans taken between the
end of the reference period and the date of survey (panel A). So, there appears to be no
differential repayment of loans due to rainfall shocks. Evidence from the ICRISAT sample
(in Table A.4) is similar, with a significant increase in borrowing from moneylenders outside
the monsoon, following a rainfall shock. Both samples (Panel A in Table 1.1 and Table A.4)
also indicate an increase in borrowing from institutional sources. However, the absence of a
similar effect in panel B of Table 1.1 suggests caution in interpretation, and a possible effect
of rainfall on the repayment of institutional loans.

Contemporaneous with the increase in borrowing in the non-monsoon season, there is an
increase in moneylender interest rates (column 4, Table 1.2). Figure 1.3 corroborates this,
and demonstrates that in each month with higher demand, interest rates tend to be higher.
Since moneylender interest rates are usually higher for more disadvantaged borrowers, this

40The decrease is over the preceding year.
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Table 1.1: Rainfall and Rural Household Borrowing by Season

Moneylender Friends & Relatives Institutional

Monsoon Non-Monsoon Monsoon Non-Monsoon Monsoon Non-Monsoon

(1) (2) (3) (4) (5) (6)

A: All Loans Taken
(End of Reference Year to Date of Survey) (Household × Month)

Rainfall Shock 0.001 0.016∗∗∗ -0.004 -0.001 0.004 0.014∗∗

(0.006) (0.004) (0.003) (0.002) (0.005) (0.006)

Obs 1116488 836808 1116488 836808 1116488 836808
Clusters 310 307 310 307 310 307

Fixed Effects Month, District, State × Year

Mean |211.26 |166.57 |75.99 |69.67 |406.92 |430.33

B: Loans Outstanding at the end of the Reference Year
(Household)

Rainfall Shock -0.006 0.040∗∗ 0.011 0.014 0.002 -0.009
(0.014) (0.016) (0.011) (0.014) (0.017) (0.018)

Obs 302512 302512 302512 302512 302512 302512
Clusters 310 310 310 310 310 310

Fixed Effects HH, District, State × Year

Mean |828.73 |1030.32 |350.33 |465.47 |1833.96 |2614.26

Data: NSS Debt and Investment Survey (2001-02, 2002-03, 2011-12 and 2012-13)
Notes: The rainfall shock is the standardized deviation of a district’s June-September rainfall from its historical mean.
Outcome is the inverse hyperbolic sine transformation of real amount borrowed by the household in a given month.
Monsoon is June — October. Standard errors are clustered at the region-year level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

increase could be driven by a change in the composition of borrowers alone. However, the
effect persists when controlling for household fixed effects (column 5, Table 1.2), indicating
that the same household borrows at higher interest rates when demand increases due to a
positive rainfall shock. Given that not all households take multiple loans in my sample, in
column 6, I estimate whether there is a differential effect of rainfall shocks for such households
— and this appears to not be the case. These results are reassuring of the fact that while a
compositional effect might be at play, it is not the sole driver of the increase in interest rates
observed. There are no significant effects in the ICRISAT sample, however, possibly due
to a lack of power on the outcome (column 7, Table A.4). The increase in both household
borrowing and in interest rates is consistent with an increase in demand. And indeed, almost
93 percent of informal moneylenders in the primary survey sample report increasing interest
rates when demand goes up (Figure 1.4).

Prima facie, it is puzzling that households borrow more when incomes are higher. On the
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one hand, higher incomes might increase demand for local goods and services (as in Emerick,
2018; Santangelo, 2019), leading to more borrowing to sustain local enterprises; while on the
other hand, households might view purchases of durable assets or housing as a type of savings
vehicle — which, coupled with indivisibilities in such assets — could also increase borrowing.
Table 1.3 indicates lower expenditures on non-farm businesses, consistent with a view where
households take up non-farm self-employment to smooth income following negative income
shocks (Santangelo, 2019), while Table 1.4 indicates that firms do not significantly increase
their borrowing from moneylenders following a positive rainfall shock.
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Figure 1.3: Impact of Rainfall Shocks on Household Borrowing and Interest Rates
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Table 1.2: Rainfall and Interest Rates on Loans from Moneylenders

Monsoon Non-Monsoon

(1) (2) (3) (4) (5) (6)

A: All Loans Taken
(End of Reference Year to Date of Survey)

Rainfall Shock 0.364 -0.774 0.709 3.327∗∗ 2.497 2.966∗∗

(0.653) (0.730) (0.667) (1.471) (1.839) (1.482)

Mult Loans 0.864∗ 3.288∗∗∗

(0.497) (0.951)

Rainfall Shock × Mult -1.243∗∗ 0.655
(0.511) (0.827)

Obs 17419 5881 17419 9251 2564 9251
Clusters 369 276 369 280 166 280
HH FE no yes no no yes no

Fixed Effects Month, District, State × Year

Mean 2002 41.83% 42.43% 41.83% 43.08% 44.63% 43.08%

B: Loans Outstanding at the end of the Reference Year

Rainfall Shock 1.277∗ -0.747 1.449∗∗ 1.579∗∗∗ 1.747∗ 1.571∗∗∗

(0.737) (0.813) (0.731) (0.578) (1.000) (0.569)

Mult Loans 0.565 1.202∗∗

(0.668) (0.477)

Rainfall Shock × Mult -0.805 0.059
0.585

(0.601) (0.519)

Obs 10587 2517 10587 17017 5311 17017
Clusters 349 206 349 388 275 388
HH FE no yes no no yes no

Fixed Effects Month, District, State × Year

Mean 2002 39.84% 38.67% 39.84% 40.70% 40.01% 40.70%

Data: NSS Debt and Investment Survey (2001-02, 2002-03, 2011-12 and 2012-13)
Notes: Unit of observation is a loan. All regressions control for loan characteristics, columns (1) and (4)
control for household characteristics; columns (2) and (5)control for household fixed effects; columns (3)
and (6) include a dummy for whether a household has multiple loans and is therefore in the sample using
household fixed effects. The rainfall shock is the standardized deviation of a district’s June-September
rainfall from its historical mean. Outcome is the annualized interest rate on a loan taken in the reference
period. Monsoon Season is June — September. Standard errors are clustered at the region-year level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Figure 1.4: Reasons for which Moneylenders increase Interest Rates

A look at what households borrow for, in Table 1.5, indicates that this increase is driven
by loans for housing repairs or construction, and though significant only at the 10 percent
level, for other consumption needs. Evidence in Table 1.3 indicates that households do, in
fact, have higher expenditures on land and buildings in the non-agricultural season following
a positive rainfall shock. In addition, the ICRISAT sample also indicates that households
increase consumption expenditures and purchases of durable goods (Table A.5); and that
the increase in borrowing from moneylenders is driven by these effects (Table A.6).

1.5.2 The Effect of Weather when Formal Credit Supply
Contracts

On the other side of these transactions are the informal moneylenders, and one might wonder
how moneylenders are able to meet unanticipated increases in demand. Looking at mon-
eylenders in the sample of informal firms in the NSS Informal Firms Surveys, I find that
moneylenders themselves do borrow from both institutional and non-institutional sources.
Survey data from Telangana also indicates that while most lenders rely on their wealth,
savings or the lending business for lending capital, 40 percent of lenders borrow from institu-
tional sources, while 51 percent borrow from non-institutional sources (Figure 1.5). In fact,
almost 60 percent of lenders in the sample report on-lending bank loans, while 52 percent
report that they would lend more when there is an increase in bank credit supply; and 35
percent of lenders explicitly state that they would borrow from banks if they faced a shortfall
in lending capital (Figure 1.5). The demand shocks described in the previous section might
thus have consequences for moneylenders, and Table 1.6 (column 1) shows that moneylen-
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Table 1.3: Rainfall and Rural Household Expenditures

Land and Buildings Farm Business Non-Farm Business

Monsoon Non-Monsoon Monsoon Non-Monsoon Monsoon Non-Monsoon

(1) (2) (3) (4) (5) (6)

Rainfall Shock 0.034 0.220∗∗ -0.135∗ 0.037 -0.025 -0.111∗∗∗

(0.055) (0.109) (0.075) (0.089) (0.024) (0.032)

Obs 151115 149189 151115 149189 151115 149189
Clusters 155 155 155 155 155 155

Fixed Effects District, State × Year

Mean |645.12 |384.22 |302.61 |182.79 |141.53 |69.46

Data: NSS Debt and Investment Survey (2001-02 and 2011-12)
Notes: Unit of observation is a household. All regressions control for household characteristics.
The Ag season in this table is July – Dec; Non-Ag season is Jan – Jun. This definition differs from prior
tables because these values are only reported for the two halves of the year in the NSS Debt and
Investment surveys. The rainfall shock is the standardized deviation of a district’s June-September rainfall
from its historical mean. Outcome is the inverse hyperbolic sine transformation of real expenditure by the
household in the reference period (in the half-year specified). Standard errors are clustered at the
region-year level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

ders themselves are more likely to borrow from formal sources during these shocks. These
stylized facts suggest that there is a vertical relationship between the informal and formal
financial sectors. In fact, Table 1.6 (column 2) also indicates that moneylenders borrow less
from formal institutions when faced with a reduction in formal credit supply.

Table 1.4: Rainfall and Any Outstanding Loans for Informal Firms in Rural India

Moneylenders Informal Formal Banks

Monsoon Non-Monsoon Monsoon Non-Monsoon Monsoon Non-Monsoon Monsoon Non-Monsoon

(1) (2) (3) (4) (5) (6) (7) (8)

Rainfall Shock -0.001 -0.001 0.003 0.006 0.000 0.002 0.001 0.002
(0.001) (0.001) (0.002) (0.004) (0.002) (0.002) (0.001) (0.001)

Obs 136476 136902 136476 136902 136476 136902 136476 136902
Clusters 156 156 156 156 156 156 156 156

Fixed Effects Quarter, District, State × Year

Mean 0.03 0.03 0.06 0.05 0.07 0.06 0.04 0.04

Data: NSS Informal Enterprise Surveys (2010-11 and 2015-16)
Notes: Unit of observation is a firm. All regressions control for firm characteristics.The Monsoon season in this table is July – Dec; Non-Monsoon
season is Jan – Jun. The rainfall shock is the standardized deviation of a district’s June-September rainfall from its historical mean. The outcome
is a dummy taking the value one if the firm has any loans outstanding as on the date of survey. Standard errors are clustered at the region-year
level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.5: Rainfall and Rural Household Borrowing (Non-Monsoon)

Financial Other
Farm Non-Farm Investment Housing Consumption

(1) (2) (3) (4) (5)

Rainfall Shock -0.001 -0.001 0.000 0.008∗∗ 0.019∗

(0.005) (0.002) (0.000) (0.004) (0.010)

Obs 123561 123561 123561 123561 123561
Clusters 154 154 154 154 154

Fixed Effects District, State × Year

Mean |263.85 |97.63 |0.95 |261.85 |739.13

Data: NSS Debt and Investment Survey (2011-12, 2012-13)
Notes: Unit of observation is a household. All regressions control for household characteristics.
The non-monsoon season is Nov – May. The rainfall shock is the standardized deviation of a
district’s June-September rainfall from its historical mean. Outcome is the inverse hyperbolic
sine transformation of real amount borrowed by the household in the reference period (in the
months specified). All regressions control for household characteristics and rainfall shock in
the preceding year for precision. Standard errors are clustered at the region-year level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

As a result, contractions in the supply of formal credit through the banking system
potentially impact moneylenders’ ability to extend loans. Simultaneously, if borrowers view
moneylender loans as substitutes for formal loans, contractions in formal credit supply might
also increase the demand for informal credit, particularly following a rainfall or income shock.
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To distinguish between these two channels, I interact the rainfall shock from the pre-
vious section with an indicator for whether a district sees a reduction in its formal credit
supply. Tables 1.7 and 1.8 indicate that positive rainfall shocks increase borrowing from
moneylenders and interest rates on moneylender loans only in regions where there is am-
ple formal credit supply. Thus, while increases in income increase household demand for
informal loans in rural India, households are only able to borrow from moneylenders when
the lenders themselves have the ability to meet unanticipated increases in demand by dip-
ping into the formal credit system. Finally, when faced with this, households in districts
experiencing a reduction in formal credit supply borrow instead from friends or relatives
(or interest-free non-institutional loans) (column 4 in Table 1.7). The lack of a response
in borrowing interest-free loans in districts with sufficient formal credit suggest that house-
holds prefer interest-bearing moneylender loans when available. This might be because the
amount households can borrow interest-free is smaller than that they might obtain through
moneylenders. Alternatively, this might be because the implicit social cost to such loans is
high enough to dissuade such borrowing, particularly for larger loans.

Table 1.6: Moneylenders’ Own Borrowing from Formal Institutions

Rainfall Shock Low Supply

(1) (2)

0.058∗∗∗ -0.195∗∗∗

(0.014) (0.040)

Obs 851 851
Clusters 58 58

Fixed Effects Quarter, District, State × Year

Mean 14.22% 14.22%

Data: NSS Informal Enterprise Surveys (2010-11 and 2015-16)
Notes: Unit of observation is a firm that engages in moneylending
(by its 4 digit NIC activity code). All regressions control for firm
characteristics. The rainfall shock is the standardized deviation
of a district’s June-September rainfall from its historical mean.
Low Supply is a dummy indicating that there was a decline in formal
credit supply in that district. Outcome is a dummy taking the value
one if the firm has any loans outstanding loans from that source as
on the date of survey. Standard errors are clustered at the
region-year level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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1.6 Conclusion

This chapter looks at household borrowing in rural India, and evaluates whether formal
and informal lenders compete, or are engaged in a vertical relationship in the rural credit
market. An analysis of data from various sources suggests that the latter relationship holds,
particularly in instances where there is an unanticipated increase in demand for informal
credit. There is no significant evidence pointing to the former relationship, but the presence
of both simultaneously cannot be ruled out. Further, the analysis of household borrowing
suggests that households borrow more when faced with positive shocks to their incomes —
primarily to finance housing construction or repairs and purchases of durable assets. In
addition to the services such purchases provide, the ability to sell some such assets during
negative shocks might also be an alternative mechanism for households to cope with risk.

Table 1.7: Rainfall, Formal Credit Supply and Rural Household Borrowing by Season

Moneylender Friends & Relatives Institutional

Monsoon Non-Monsoon Monsoon Non-Monsoon Monsoon Non-Monsoon

(1) (2) (3) (4) (5) (6)

Rainfall Shock -0.007 0.071∗∗∗ 0.006 -0.009 -0.007 0.006
(0.019) (0.016) (0.010) (0.019) (0.021) (0.026)

Low Supply 0.037 0.009 0.012 -0.039 -0.058∗ -0.044
(0.037) (0.049) (0.023) (0.031) (0.035) (0.051)

Rainfall Shock
× Low Supply

0.000 -0.073∗∗∗ 0.012 0.055∗∗ 0.025 -0.032

(0.021) (0.025) (0.020) (0.027) (0.025) (0.033)

Obs 302236 302236 302236 302236 302236 302236
Clusters 310 310 310 310 310 310

Fixed Effects HH, Month, District, State × Year

Mean |829.10 |1030.74 |350.40 |465.37 |1834.46 |2616.18

Data: NSS Debt and Investment Survey (2001-02, 2002-03, 2011-12 and 2012-13)
Notes: Unit of observation is a household-season. The rainfall shock is the standardized deviation of a district’s
June-September rainfall from its historical mean. Outcome is the inverse hyperbolic sine transformation of real
amount borrowed by the household in a given month in the reference period. Monsoon is June – October;
Non-monsoon is November – May; Lean season is February to May. Standard errors are clustered at the
region-year level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 1.8: Rainfall, Formal Credit Supply and Interest Rates on Loans from Moneylenders

Monsoon Non-Monsoon

(1) (2)

Rainfall Shock 0.705 1.544∗∗∗

(0.727) (0.564)

Low Supply 3.350∗∗∗ 2.401∗∗∗

(1.095) (0.729)

Rainfall Shock
× Low Supply

0.012 -1.886∗∗

(1.178) (0.759)

Obs 9016 15264
Clusters 249 272

Fixed Effects Month, District, State × Year

Mean 39.9% 41.18%

Data: NSS Debt and Investment Survey (2001-02, 2002-03,
2011-12 and 2012-13)
Notes: Unit of observation is a loan. All regressions control
for loan characteristics. The rainfall shock is the standardized
deviation of a district’s June- September rainfall from its
historical mean. Outcome is the annualized interest rate on a
loan taken in the reference period. Monsoon Season is June -
September. Standard errors are clustered at the region-year
level. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Chapter 2

Access to Finance, Empowerment and
Women’s Employment: Experimental
Evidence from Rural Bihar

2.1 Introduction

Gender gaps in the labor market are prevalent around the world, and women participate in
the labor force at two-thirds the rate that men do (World Bank, 2019a, 2019b).1 Women’s
participation in the labor force also varies widely — empirically, there is a ‘U-shaped’ rela-
tionship between a country’s GDP per capita and its female labor force participation rate
(Boserup, 1970; Durand, 1975; Goldin, 1995; Heath & Jayachandran, 2018; Mammen &
Paxson, 2000).2 Both the lower labor force participation of women relative to men, and the
variation in women’s participation rates, have been attributed to a lack of suitable oppor-
tunities, social norms, discrimination, more responsibilities at home and in care-work, and
psychological constraints (Altonji & Blank, 1999; Goldin, 1995; Mammen & Paxson, 2000;
McKelway, 2019). Even so, India appears to be an outlier — with lower female labor force
participation rates than other countries at similar income levels (Fletcher et al., 2017), and
lower than all its South Asian neighbors (World Bank, 2019a). In fact, female labor force
participation rates in India have seen a decline since 2005 (World Bank, 2019a), despite
nearly a third of married women not in the labor force expressing an interest in working
(Field, Pande, Rigol, Schaner, & Moore, 2019).

This chapter examines the role that financial access, in the context of women’s empow-
erment, plays in labor supply decisions. Patriarchal norms in India have historically led to
restrictions on women’s activities (Srinivas, 1956) — particularly, participation in market-

1World Bank — World Development Indicators data. Accessed on May 16th, 2020.
https://data.worldbank.org/indicator/SL.TLF.CACT.MA.ZS
https://data.worldbank.org/indicator/SL.TLF.CACT.FE.ZS

2This relationship holds both across countries and over time within countries.
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based work. The extent to which such restrictions exist varies across the country; and within
a region, women’s labor supply is higher at the lower end of caste and wealth hierarchies
(Eswaran, Ramaswami, & Wadhwa, 2013). In this context, not only does direct access to
finance (both savings and credit) allow women to accumulate resources themselves, but it
also has the potential to empower them, and enable more autonomy in decision-making.
With this dual-purpose, access to finance could impact women differentially across existing
hierarchies. On the one hand, women who did not previously participate in market-work
might accumulate resources and/or autonomy, enabling a foray into employment; while on
the other, with additional resources, women who already did participate in the labor force
as a coping strategy, might no longer need to.

To evaluate the impact that access to finance has on women’s labor supply, I exploit the
randomized roll-out of the second phase of the Bihar Rural Livelihoods Mission, or Jeevika
— a self-help group (SHG) program implemented by the government of the Indian state
of Bihar. Jeevika was rolled-out in seven districts during this phase, and 180 panchayats3

were randomly selected to be part of the evaluation. Half of these were randomized into
an early roll-out (or treatment) group, while the other half were in the late roll-out group,
which was to receive access to the program after the evaluation concluded; and a total of
8,988 households were surveyed. The ‘treatment’ involved encouraging women to form or
join self-help groups, through which they could engage in weekly savings and gain access to
loans at much lower rates than the prevailing informal market interest rates.4 In addition,
women in SHGs were led through a curriculum on basic literacy, numeracy and women’s
empowerment.

This analysis presents four sets of findings, building on Hoffmann et al. (2020) — where
the authors highlight the impact that Jeevika has had on the informal credit market. First, as
Hoffmann et al. (2020) note, two years after the program began, households in treated villages
were 46.6 percentage points more likely than households in control villages to have a member
in a self-help group. In addition, when compared to their counterparts in control villages,
households in treated areas were more likely to have saved, and more likely to have borrowed.
The program also allowed more privileged households to reduce their debt burden by |2,400,
which is an amount that is twice their average monthly consumption expenditure per adult
equivalent. It also reduced the cost of outstanding debt for all households by 8.4 percent
annually. This was a |1,869 reduction in debt servicing cost, which is equivalent to 1.7
times the average household’s monthly consumption expenditure per adult equivalent. The
program thus had economically significant effects on the financial lives of these households.

Second, since it is women who primarily access program benefits, one might expect
corresponding improvements in measures of women’s empowerment. However, this does not
appear to be the case. While only few women in the study sample had the most say in
decision making relating to borrowing and labor force participation, a large number already

3A panchayat is a unit of local government, comprising 2-4 villages.
4Loans through Jeevika accrue interest at 2 percent per month, while modal informal market interest

rates at baseline were 5 percent per month.
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had some say; and the program does not impact these measures. Women in treatment
areas are, however, 12.4 percentage points more likely to be able to sign their names, and 3
percentage points more likely to read signs.

Third, the program had mixed effects on labor supply. Women from more privileged
households in treatment areas were 8 percent more likely to participate in the labor force.5

This represents a modest increase in labor force participation for these women, and ap-
pears to have been driven by an increase in self-employment and salaried work. Among
disadvantaged households, on the other hand, both men and women reduce their labor force
participation — specifically in agricultural labor, where 12 percent fewer men and 7 percent
fewer women participated in treatment villages when compared to control villages.6,7 Corre-
lational evidence indicates that the decline in participation in agricultural labor is larger for
households that increased their savings, while the increase in self-employment is larger for
households which borrowed from SHGs. Finally, accompanying the decline in agricultural
labor supply was a 17 percent increase in agricultural labor wages for men and a 12 percent
increase for women.

These results contribute to three main strands of literature. First, adding to the findings
in Hoffmann et al. (2020), this chapter provides experimental evidence on the impact of SHG
based credit interventions on labor market outcomes. Government-led SHG programs have
had varying degrees of success, and differential impacts on household outcomes. SHG pro-
grams with a credit component have significantly lowered households’ high-cost debt (Datta,
2015; Hoffmann et al., 2020; Khanna, Kochhar, & Palaniswamy, 2015), and even lowered
interest rates in informal credit markets (Hoffmann et al., 2020). Households participating in
such programs have seen improved food security and nutrition (Datta, 2015; Deininger & Liu,
2013), increased participation in skilled employment (Khanna et al., 2015), improvements
in asset holdings (Datta, 2015; Khanna et al., 2015) and increased women’s participation
in household decisions and civic life (Desai & Joshi, 2014). Most studies that look at these
outcomes, however, find no impact on household incomes or consumption.

SHG-interventions often involve savings and credit components, and in this respect, their
functioning is similar to that of many microfinance institutions (MFIs). In India, in partic-
ular, MFIs often employ a self-help group structure to implement their lending initiatives.
This chapter also contributes to the vast literature on the impacts of access to group-based
lending (Angelucci et al., 2015; Attanasio et al., 2015; Augsburg et al., 2015; Banerjee, Duflo,
et al., 2015; Crépon et al., 2015; Karlan, Savonitto, Thuysbaert, & Udry, 2017; Ksoll, Lilleør,

5This is a 3.66 percentage points increase in labor force participation, when 45 percent of women in the
control group participated in the labor force.

6This is a 4.31 percentage point decline in participation in agricultural labor for men, where 35 percent
of men in the control group participated in agricultural labor; and a 3.22 percentage point decline in partic-
ipation in agricultural labor for women, where 46.79 percent of women in the control group participated in
agricultural labor

7In this chapter, disadvantaged households are those belonging to historically disadvantaged caste groups
or tribes. As designated in the Constitution of India, official parlance categorizes disadvantaged caste groups
as scheduled castes (SC), and disadvantaged tribes as scheduled tribes (ST). Privileged households refer to
those not belonging to these groups.
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Lønborg, & Rasmussen, 2016; Tarozzi et al., 2015). Broadly, access to microfinance leads to
large increases in the take-up of credit, but has limited impacts on welfare in the short to
medium run on average, with effects varying by the type of household (Banerjee, Karlan, &
Zinman, 2015; Meager, 2019). While some evidence points to an increase in women’s em-
powerment (Karlan et al., 2017), other evaluations find no such evidence (Banerjee, Duflo,
et al., 2015); and in some cases, households see shifts to self-employment and improvements
in business outcomes (Attanasio et al., 2015; Augsburg et al., 2015; Banerjee, Duflo, et
al., 2015; Crépon et al., 2015; Karlan et al., 2017). However, household income and over-
all consumption are not typically affected. This chapter focuses on a rural program that
specifically targets women from disadvantaged groups, and adds to this body of evidence
by demonstrating that access to credit and savings potentially has differential labor mar-
ket impacts across household types. In addition, the finding that women from privileged
households increase participation in self-employment complements similar findings in urban
Indian contexts (Banerjee, Duflo, et al., 2015).

Second, this chapter contributes to the extensive evidence on the determinants of women’s
participation in market-based work. Women’s work is often linked to social norms, and
women’s empowerment. In contexts where women’s labor force participation is low, existing
evidence suggests that social norms dictate men’s willingness to let their wives join the labor
force (Bernhardt et al., 2018; Bursztyn, González, & Yanagizawa-Drott, 2018), and when
men’s beliefs are revised, their willingness increases (Bursztyn et al., 2018). Women also
increase their labor supply when they are empowered — either when they are able to exert
more control over earned income (Field et al., 2019), unearned income (Heath & Tan, n.d.)
or resources in general (Almas, Armand, Attanasio, & Carneiro, 2018). They also do so when
their generalized self-efficacy increases, or when external constraints decrease (McKelway,
2019). An increase in suitable labor market opportunities also increases women’s labor
supply, and in the longer run delays marriage and causes women to want fewer children
(Jensen, 2012). Here, I focus on the link between access to finance and employment; as
well as access to finance and empowerment — though empowerment does not appear to
intermediate labor market impacts in the time-span considered.

Finally, this chapter contributes to the literature on the relationship between income risk
and labor supply in rural households. Rural households in developing countries that face
more risk are more likely to participate in labor markets (Ito & Kurosaki, 2009; Rose, 2001);
and use labor supply to smooth consumption when savings or credit alone are unable to
do so (Fink, Jack, & Masiye, 2014; Kochar, 1999). On the one hand, a lack of credit leads
to more inelastic labor supply and exacerbates productivity risk (Jayachandran, 2006); and
on the other hand reductions in credit could reduce labor demand and hence employment
(Breza & Kinnan, 2018). Closely related to the analysis in this chapter, Fink et al. (2014)
find that when households randomly received credit, they sell less off-farm labor, consume
more, and local farming wages increase; while Dupas, Robinson, and Saavedra (2019) find
that when workers have greater cash needs, they work more. Adding to this, I find that both
women and men from disadvantaged households reduce agricultural labor supply when they
have improved access to credit and savings, suggesting that labor supply continues to play
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a role in household coping strategies.

2.2 Background

2.2.1 Setting

Women’s labor force participation in India has been on the decline since 2005 (World Bank,
2019a, , Figure 2.1) despite steady economic growth. For women in India, participation
in market-based work appears to be driven by push factors at lower levels of education,8

and pull factors at the higher end (Andres, Dasgupta, Joseph, Abraham, & Correia, 2017;
Klasen & Pieters, 2012). At the lower end of this spectrum in rural areas, employment is
driven by necessity, and is primarily in the farm sector. A collapse in farm jobs, with no
suitable alternatives is one factor driving the decline in women’s labor force participation
(Chatterjee, Murgai, & Rama, 2015). At the same time, there have also been increases in
men’s incomes, and in women’s education levels, leading women to drop out of market-based
work (Agarwal, 2017; Andres et al., 2017; Bhargava, 2018) — possibly due to a rise in more
educated women’s returns to home production, relative to their returns in the labor market
(Afridi, Dinkelman, & Mahajan, 2016). At the other end of the spectrum, many women not
in the labor force would like to work, but have trouble matching with suitable opportunities
(Fletcher, Pande, & Moore, 2017).
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Figure 2.1: Labor Force Participation in India

8Education is correlated with income, landholding and caste.



32

0 %

25%

50%

75%

100%
Female LFP

Data: NSS Employment-Unemployment Survey, 2011-2012

Figure 2.2: Women’s Labor Force Participation by District in India

At present, India has amongst the lowest female labor force participation rates in the
world9 — lower than all its South Asian neighbors. In 2011-12,10 India’s rural female labor
force participation rate was 28.8 percent (NSS, 2012), but this varied widely across the
country (Figure 2.2) — with Bihar having a rate of 6 percent.11 In addition, while 35.5
percent of rural women belonging to historically disadvantaged scheduled castes or scheduled
tribes participated in the labor force, only 25.8 percent of women from other caste groups
participated. Women from disadvantaged groups were less educated, more likely to work in
agriculture, and their households were less likely to own land. Women from more privileged
groups, on the other hand, tended to work in non-farm or salaried jobs if they worked at all
(NSS, 2012). Overall, around 22 percent of the Indian population lived below the poverty
line and the national literacy rate was 74.04 percent. Bihar fared worse than the national

9India’s female labor force participation rate was 23 percent overall in 2019 according to the World
Bank’s World Development Indicators data.

10This is start year of this study.
11The NSS records principal activity status based on the activity a majority of time in the preceding

was spent on. This differs from the definition employed in the Jeevika survey — which asks if an individual
works in any productive activity or earns income in cash/kind from outside.
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average on both measures, with the lowest literacy rate of all states in India,12 and a third
of its population — a total of 32 million individuals — living below the poverty line (World
Bank, 2017).

2.2.2 SHG Interventions

Self-help group based provision of credit has been part of poverty reduction strategies in
Afghanistan, Bangladesh, and Sri Lanka (Hoffmann et al., 2020); and began in India in
the early 1990s. This strategy was adopted by India’s Ministry of Rural Development, and
implemented in various states. In Bihar, this was through the Bihar Rural Livelihoods
Mission or ‘Jeevika’, which was designed to target women in rural poor households, and
build their social capital, leverage credit from formal financial institutions, and increase
local capacity (World Bank, 2017).

2.3 Experimental Design

2.3.1 Sample and Randomization

In 2006, the first phase of Jeevika was launched in six high poverty districts in Bihar (World
Bank, 2017).13 Following the success of the first phase, the program was to expand to 60
additional blocks in these and other districts14 in the second phase in 2012 (Figure 2.3),
aiming to reach a cumulative total of 150 million women (World Bank, 2017). The roll-out
of this phase was randomized across 180 panchayats in 16 blocks of the 7 districts, with
one or two villages in each study panchayat randomly selected for data collection. Primary
impacts of this second phase roll-out are evaluated in Hoffmann et al. (2020).

Sampling of SC/ST and non-SC/ST households was stratified, with the sample in each
village comprising 70 percent SC/ST and 30 percent non-SC/ST households. In each sam-
pled village, tolas (or hamlets) where SC/ST households formed a majority were identified
through focus group discussions, and households were selected following a random walk. If
the target for SC/ST households was not met in that particular tola, the remaining SC/ST
households were selected from other tolas. This strategy was employed to mirror Jeevika’s
strategy “for identifying the target population of poor women for recruitment” (Hoffmann et
al., 2020). The baseline survey was conducted between July and October, 2011, and a total
of 8988 households were surveyed across 333 villages. Randomization of panchayats into
early and late roll-out groups was stratified by block and the mean outstanding high-cost
debt15 at the panchayat level in 2011.

12This is according to the Indian Census, 2011.
13Gaya, Khagaria, Madhubani, Muzaffarpur, Nalanda and Purnia out of 38 total districts in Bihar
14Gaya, Nalanda, Madhubani, Muzaffarpur, Saharsa, Supaul, Madhepura
15Debt costing 4 percent per month or over.
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Figure 2.3: Study Districts in Bihar

2.3.2 Jeevika

Once a panchayat had access to Jeevika, women were mobilized to form self-help groups
(SHGs) of between 10 and 15 women. SHGs were federated into village organizations (VOs),
which were in turn federated into larger cluster-level federations (CLFs). SHGs held weekly
meetings, and members were led through a curriculum on women’s empowerment, basic
literacy and numeracy (Hoffmann et al., 2020). Members were encouraged to save, and had
to save a minimum of |2 (0.04 USD) per week in a personal savings account held by the
group. Once women consistently saved with the SHG for approximately 3 months, SHGs
became eligible to borrow up to |50,000 (1,073 USD) from the VO they were a part of, at
1 percent per month. Members of each SHG were collectively liable for these VO loans.16

Individual members of the SHGs could borrow from their group’s corpus of funds at 2 percent
per month.17,18 Access to Jeevika was rolled out in treatment panchayats between January
and April in 2012, and the endline survey was conducted between July and September, 2014.

16Since it is a loan the SHG as a whole has taken from the VO.
1724 percent per year
18“Over the longer term, Jeevika is also meant to deliver other development interventions and livelihoods

training to SHG members, however these activities were not implemented in the study area during the period
spanned by this study.” (Hoffmann et al, 2020)
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2.3.3 Data

Data are from a household level survey, a women’s survey administered to one woman in each
household, a general village level survey, and a women’s village level survey — at the baseline
(in 2011) and endline (in 2014). Relevant to this chapter, household surveys collected data on
participation in self-help groups, household debt, individual member livelihoods, assets and
consumption; women’s surveys collected data on women’s decision making, and aspirations
for their daughters; and village surveys collected data on village level casual labor wages.19

2.3.4 Baseline Characteristics and Balance

The phase of Jeevika analyzed here targeted some of the poorest parts of Bihar. As seen
in Table B.1, around a third of households belonged to historically disadvantaged scheduled
castes or scheduled tribes (SC or ST). The other two-thirds also include the extremely
backward castes, and other backward castes, apart from the most privileged caste groups.
Around 45 percent of households owned any land; and SC/ST households were less likely
to do so (Table 2.1). Only 17 percent of SC/ST households owned any land, as opposed
to 58 percent of other households. In an environment of limited overall material prosperity,
SC/ST households held fewer assets, and consumed less. On average, in 2011, a household
belonging to this disadvantaged group had a monthly consumption per adult equivalent of
|100 less than more privileged households, for whom this was |830 — this amounted to $15.5
for SC/ST households, compared to $17.7 for other households in 2011. While this region
also had a high level of indebtedness in 2011, SC/ST households were 4 percentage points
more likely to have debt, had more loans per household, and faced higher interest rates (65.9
percent per year, as opposed to 58.44 percent per year). These households, however, had
lower outstanding debt — $84.68 lower than other households.20

Table 2.1: Baseline Characteristics Across Caste Groups

Means Difference

Obs SC/ST Non-SC/ST in Means

Household Characteristics

Owns Land 8988 17% 58% -0.40***
(0.01)

Household size 8988 5.88 6.12 -0.24***
(0.07)

19Wage rates do not vary within a village
20SC/ST households had $ 213.83 or |10,050 of outstanding debt; while other households had $ 298.51

or |14,030 of outstanding debt.
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Female HH Head 8988 18% 11% 0.07***
(0.01)

Productive Assets 8988 -0.28 0.09 -0.37***
(Filmer-Pritchett Index, Normalized21) (0.03)

Consumption Assets 8988 -0.40 0.20 -0.60***
(Filmer-Pritchett Index, Normalized) (0.03)

Housing 8988 -0.10 0.04 -0.13***
(Filmer-Pritchett Index, Normalized) (0.04)

Monthly Consumption 8988 0.73 0.83 -0.09***
(Rs 000, per adult equivalent) (0.01)

Any Outstanding Debt 8988 86% 82% 0.04***
(0.01)

No. of Loans 8988 2.03 1.90 0.12***
(0.04)

Outsanding Debt 8988 10.05 14.03 -3.98***
(Rs 000) (0.53)

Informal Interest Rate 6389 5.49 4.87 0.62***
(%, HH average) (0.06)

Women’s Empowerment

Any say in labor decisions? 8899 83% 71% 0.12***
(0.02)

Any say in borrowing decisions? 8899 88% 85% 0.03**
(0.01)

Should daughter work? 5144 69% 76% -0.07***
(0.02)

Daughter should not work after marriage 3638 7% 5% 0.02
(0.01)

* p < 0.10, ** p < 0.05, *** p < 0.01

When it comes to women’s standing in their households, Table 2.1 demonstrates that
most women in the study sample already participated in decision-making to some extent to
begin with — over three-fourths of women had a say in decisions about their labor supply,

21The construction of this index follows Filmer and Pritchett (2001). Here, the first principal component
from a principal components analysis of a set of assets is normalized to have a mean of zero and a variance
of one.
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and over 85 percent of women had a say in decisions dealing with household borrowing.
In both cases, this was higher for women from households belonging to scheduled castes or
scheduled tribes than for other households. In addition, while over two-thirds of women
preferred that their daughters participate in market-based work, this was lower for women
from SC/ST households. For women who did want their daughters to work, very few were
opposed to their working after marriage.

Table 2.2 looks at market based work across castes. Since the study sample consists
of poorer households, we see that almost 63 percent of women between the ages of 15 and
70 work for some part of a year. This number is much higher than estimates from the
National Sample Survey in 2011-12 for these districts in Bihar.22 There are two possible
reasons for this — first, sample villages have a higher proportion of poor households, since
Jeevika targets poor households; second, the definition of labor force participation in the
NSS survey requires that an individual be engaged in work for most of the year, while this
survey requires that an individual be engaged in work for any part of the year. However,
women from scheduled caste or scheduled tribe households are 21 percentage points more
likely to participate in the labor force than women from other households.

Very few women ever work outside the village, or in animal husbandry, self-employment,
non-agricultural labor, salaried work. But, when compared, women from SC/ST households
are more likely to work outside the village or participate in non-agricultural labor than
their counterparts from other households. Most women work in the farm sector, and of
them, more women from SC/ST households are engaged in agricultural labor rather than
cultivation (60 percent versus 23 percent), while women from other households were more
likely to be engaged in cultivation than agricultural labor (30 percent versus 23 percent).

Overall, 88 percent of men between the ages of 15 and 70 participate in the labor force.23

Men work in all occupations at higher rates than women do; and around half of all men
work outside the village. While men from SC/ST households are more likely than their
counterparts from other households to be working outside the village, similar to patterns for
women, they are less likely to be engaged in self-employment, salaried work or cultivation.

Table 2.2: Baseline Labor Force Participation Across Caste Groups

Means Difference

Obs SC/ST Non-SC/ST in Means

Women

Labor Force Participation 13078 77% 56% 0.21***
(0.02)

Work outside village 13078 4% 3% 0.01***

22LFP for women in these seven districts is 10 percent as per the NSS definition.
2393 percent of men in these districts participate in the labor force in the NSS data.
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(0.00)

Self-Employment 13078 1% 1% -0.00
(0.00)

Cultivation 13078 20% 30% -0.10***
(0.01)

Agricultural Labor 13078 60% 23% 0.37***
(0.01)

Animal Husbandry 13078 4% 7% -0.03***
(0.01)

Non-Agricultural Labor 13078 5% 2% 0.03***
(0.00)

Salaried Work 13078 1% 1% -0.00
(0.00)

Men

Labor Force Participation 14396 90% 86% 0.04***
(0.01)

Works outside village 14396 60% 44% 0.15***
(0.01)

Self-Employment 14396 4% 8% -0.04**
(0.01)

Cultivation 14396 23% 44% -0.21***
(0.01)

Agricultural Labor 14396 63% 31% 0.32***
(0.01)

Animal Husbandry 14396 1% 1% -0.00*
(0.00)

Non-Agricultural Labor 14396 49% 30% 0.19***
(0.01)

Salaried Work 14396 11% 13% -0.02**
(0.01)

* p < 0.10, ** p < 0.05, *** p < 0.01

To make sure that the program’s randomization strategy resulted in comparable treat-
ment and control groups, I compute normalized differences (Imbens & Rubin, 2015) for each
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variable.24 These are presented in Table B.1 along with randomization inference p-values25

(Fisher, 1935; Rosenbaum, 2002) for all normalized differences. While we do see imbalance
at baseline in certain outcomes of interest, reassuringly, none of the normalized differences
exceed the 0.25 cut-off, above which linear regression methods are sensitive to specifications
(Imbens & Wooldridge, 2009). To check robustness, I also present results from simple dif-
ference and difference-in-differences specifications in Appendix B.3; and unweighted results
in Appendix B.4.26

2.4 Empirical Strategy

The primary evaluation of the randomized roll-out of Jeevika’s second phase is presented in
Hoffmann et al. (2020); and I follow the same empirical strategy.27 Hoffmann et al. (2020)
focus on the impacts of Jeevika on household credit, consumption and asset holdings, on
the informal credit market, and on women’s empowerment. In this chapter, I estimate the
following ANCOVA specifications to test the intent-to-treat impact of the program on labor
market outcomes:

Yh,v,p,2014 = β0 + β1JEEVIKAp + β2Yh,v,p,2011 + ρXh,v,p + µs + εh,v,p (2.1)

Yi,h,v,p,2014 = β0 + β1JEEVIKAp + β2Yh,v,p,2011 + ρXh,v,p + µs + εh,v,p (2.2)

Here, an observation is either at the household level, h, or individual-level, i, h, in a village
v, in panchayat, p. Yi,h,v,p,2014 or Yh,v,p,2014 is the outcome of interest for a household or
individual, while Yi,h,v,p,2011 or Yh,v,p,2011 is the value of the outcome of interest at the baseline;
JEEVIKAp is an indicator for the random assignment of the panchayat to the early-rollout
group; µs is a vector of strata dummies; and Xh,v,p is a set of baseline covariates, specified
in the project’s pre-analysis plan.28

24Following Imbens and Rubin (2015), normalized differences are defined as ∆̂ct = xt−xc√
(s2t+s

2
c)/2

, where xi is

the sub-sample mean and s2i is the sub-sample standard deviation, for the treatment or control group. This
is a scale-free measure of differences in covariate values, and the difference in means is estimated through a
linear regression with controls for stratification variables.

25I implement Heß (2017) in Stata.
26As specified in Hoffmann et al. (2020) — the difference-in-differences specification over-corrects for

baseline differences, and the simple difference model under-corrects for baseline differences, and these results
might be considered bounds on true treatment effects (Frison & Pocock, 1992).

27This is also laid out in the project’s Pre-Analysis Plan, https://www.socialscienceregistry.org/trials/570
28Baseline controls are: self-help group participation, outstanding high-cost debt, average interest rate on

household loans, productive asset index, consumption asset index, housing index, real monthly consumption
per adult equivalent, access to entitlements, proportion of women in household who work, women’s decision
making index, women’s collective action index, aspirations for daughter’s education, women’s mobility index,
landlessness.
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Since sampling of households was stratified by caste, I follow (Hoffmann et al., 2020),
and use inverse probability of sampling weights for each household within a caste-group, re-
weighted to sum to one at the village level in order to re-constitute the caste composition of a
village. Analyses on the entire sample are thus weighted to represent the average impact in a
village. Sub-sample analyses for each caste-group, on the other hand, are unweighted. Huber-
White clustering of standard errors at the panchayat level is employed in all household-level
specifications; and two-way clustering (at the household and panchayat levels) is employed
for outcomes at the individual-level.29

2.5 Effects of Jeevika

2.5.1 Program take-up, savings and credit

I begin by looking at the first-order effects of access to Jeevika on program take up, savings,
household debt, and borrowing in Table 2.3 (and Table B.9). As described extensively in
Hoffmann et al. (2020), two years after the program rolled-out in treatment areas, treated
households were 46 percentage points more likely to have a member in a self-help group
than control households, where 8.24 percent of households had SHG members (column 1,
panel A, Table 2.3). This effect was more pronounced for SC/ST households (column 1,
panel C, Table 2.3), for whom the treatment effect was 54 percentage points, as opposed
to other households, for whom the effect was 44 percentage points (column 1, panel B,
Table 2.3). This demonstrates the success of Jeevika’s recruitment process, which targeted
poor women, particularly those from SC/ST households. Correspondingly, 30 percent of
households overall, and 39 percent of SC/ST households, in treated areas borrowed from
self-help groups (column 2).

With access to Jeevika, more households accumulated savings (column 2, Table 2.3),
with this effect, again, being more pronounced for SC/ST households. Overall, 73 percent of
households in treated sample villages had savings at the endline, as opposed to 47 percent of
households in control villages. Increased savings, and loans from self-help groups (column 3,
Table 2.3), helped households reduce borrowing from informal lenders (column 4, Table 2.3),
while increasing the incidence of borrowing overall (column 5, Table 2.3). Households in
treated areas were 5 percentage points less likely to borrow from informal moneylenders
(and borrowed |3,710 less, on average, in real terms), even as 74 percent of households
in control areas took informal loans (while borrowing |21,210, on average, in real terms).
This was in an environment where overall indebtedness increased — with borrowing having
increased by 4 percentage points in the control group from 2011 to 2014; and overall debt
having gone up by approximately |10,000 in real terms in both treated and control groups.30

The program also reduced the interest burden that households faced overall; and reduced
rates that informal lenders charged through a competitive effect (Hoffmann et al., 2020).

29I use the reghdfe package in Stata (Correia, 2016)
30All real |values are in 2011 INR and |10,000 is $212 in 2011 USD.



41

Table 2.3: Program Take-up and Household Borrowing

SHG Any Any loans taken? Outstanding Debt Interest

Member? Savings? (%) (’000 Rs.) Rate

(%) (%) SHG Informal All SHG Informal All (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

A: Overall Effects

Jeevika 46.59∗∗∗ 26.02∗∗∗ 28.31∗∗∗ -5.11∗∗∗ 3.40∗∗∗ 1.95∗∗∗ -3.71∗∗∗ -1.96∗∗ -0.70∗∗∗

(1.66) (1.91) (1.27) (1.40) (1.29) (0.10) (0.75) (0.87) (0.07)

Obs 8851 8987 8987 8987 8987 8987 8987 8987 6805
Clusters 179 179 179 179 179 179 179 179 179

Mean 8.24 46.70 1.80 74.07 75.64 0.11 21.21 24.21 5.27

B: Effect on non-SC/ST households

Jeevika 44.33∗∗∗ 23.73∗∗∗ 26.29∗∗∗ -3.84∗∗ 3.82∗∗ 1.98∗∗∗ -3.62∗∗∗ -2.40∗∗ -0.47∗∗∗

(1.87) (2.42) (1.56) (1.86) (1.85) (0.14) (0.94) (1.11) (0.07)

Obs 2487 2525 2525 2525 2525 2525 2525 2525 1679
Clusters 174 174 174 174 174 174 174 174 173

Mean 7.01 49.73 1.49 69.41 71.45 0.11 22.87 27.45 4.76

C: Effect on SC/ST households

Jeevika 53.80∗∗∗ 30.20∗∗∗ 36.81∗∗∗ -6.20∗∗∗ 3.60∗∗∗ 2.26∗∗∗ -2.97∗∗∗ -0.67 -1.09∗∗∗

(1.67) (1.72) (1.33) (1.13) (0.88) (0.11) (0.50) (0.55) (0.08)

Obs 6364 6462 6462 6462 6462 6462 6462 6462 5126
Clusters 178 178 178 178 178 178 178 178 177

Mean 11.70 44.68 2.31 81.55 82.91 0.15 16.04 16.88 6.00

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA specification — linear
regressions of each outcome on its value at baseline, and an indicator of treatment status. Panel A presents results from full-
sample weighted regressions. Weights are inverse probability of sampling weights that are re-weighted to sum to one at the
village level in order to re-constitute the caste composition of the village. Panel B has results on the non-SC/ST sub-sample,
without sampling weights. Panel C has results on the SC-ST sub-sample, without sampling weights.
All specifications control for strata dummies and baseline controls. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.4: Women’s Empowerment

Works Signature Read Signs Any Say in Daughter
Outside Decisions? (%) Work

(%) (%) (%) Labor Borrow (%)

(1) (2) (3) (4) (5) (6)

A: Overall Impact of Jeevika

Jeevika 0.47∗ 12.37∗∗∗ 3.10∗∗∗ 0.18 -0.48 -1.53
(0.26) (1.18) (0.81) (1.49) (1.75) (2.41)

Obs 13376 8671 8671 8671 8671 3857
Clusters 179 179 179 179 179 179

Mean 1.45 37.20 19.32 88.20 92.12 73.35

B: Impact of Jeevika on non-SC/ST households

Jeevika 0.46 10.17∗∗∗ 2.64∗∗ -0.28 -0.31 -0.48
(0.29) (1.45) (1.12) (1.75) (2.05) (3.35)

Obs 4048 2431 2431 2431 2431 890
Clusters 174 174 174 174 174 171

Mean 0.97 40.96 23.28 85.97 92.30 73.77

C: Impact of Jeevika on SC/ST households

Jeevika -0.31 14.75∗∗∗ 2.38∗∗∗ -1.48 -0.11 -3.75∗∗

(0.36) (0.86) (0.60) (0.91) (1.26) (1.80)

Obs 9328 6240 6240 6240 6240 2967
Clusters 178 178 178 178 178 178

Mean 2.78 27.31 9.60 92.11 91.91 70.50

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from
an ANCOVA specification — linear regressions of each outcome on its value at baseline, and
an indicator of treatment status. Panel A presents results from full-sample weighted
regressions. Weights are inverse probability of sampling weights that are re-weighted to sum
to one at the village level in order to re-constitute the caste composition of the village. Panel
B has results on the non-SC/ST sub-sample, without sampling weights. Panel C has results on
the SC-ST sub-sample, without sampling weights. All specifications control for strata dummies
and baseline controls. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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2.5.2 Women’s empowerment

While one of Jeevika’s mandates was to provide women (and through them, their households),
with access to finance, another mandate was to empower women — through basic literacy,
basic numeracy, and empowerment curricula. Table 2.3 demonstrated the financial impacts
of Jeevika, and Table 2.4 turns to its empowerment effects (with alternate specifications in
Table B.10). The training on signature literacy, and reading standard signs/sign posts was
moderately successful — 12 percentage points more women in treatment areas could sign
their names (compared to 37 percent of women in control areas; column 2, Table 2.4), and
3 percentage points more women could read signs or sign posts (compared to 19 percent of
women in control areas; column 3, Table 2.4).

Accompanying these impacts on signature literacy and numeracy, was no significant
impact on decision-making or views on employment. Women in treated villages were no
more likely than women in control villages to have had a say in decisions relating to their
labor supply or borrowing, nor did they have differential preferences over their daughters’
participation in market-based work (columns 4, 5, 6, Table 2.4). However, this should be
interpreted in a context where a large share of women already had some say to begin with.
In 2014, 88 percent of women in control villages had a say in decisions relating to their
labor supply, and 92 percent of women in control villages had a say in borrowing decisions.
In addition, 73 percent of women in control areas were of the opinion that their daughters
could work. Hence, Jeevika’s ability to move the needle on these measures might have been
limited.

2.5.3 Labor supply

With large effects on household finance, and muted effects on women’s empowerment, Jeevika
could well have impacted the local labor market. In 2014, 52 percent of women and 81 percent
of men in the control group participated in the labor force (columns 1, 2; Table 2.5).31 This
was lower than in 2011, when 63 percent of women, and 88 percent of men, did so across
both groups (Table B.1). This decline was driven by a fall in participation in agricultural
labor across the board — 60 percent of women from SC/ST households, and 23 percent of
women from other households participated in agricultural labor in 2011 (Table B.1), while 47
percent of women from SC/ST households and 12 percent of women from other households
did so in 2014 in the control group (column 6, Table 2.6). Similarly, for men, while 63 percent
of men from SC/ST households, and 31 percent of men from other households performed
agricultural labor in 2011 (Table B.1), only 35 percent and 10 percent respectively did so in
2014 in the control group (column 5, Table 2.6).

In the context of this decline over time, Jeevika had differential impacts on women from
SC/ST households vis-à-vis those from other households (Table 2.5, Table B.11). Women
from treated households were 2.45 percentage points more likely to participate in the labor
force (column 2, Table 2.5, significant at the 90 percent confidence level). This was driven

31Among men and women between 15 and 70 years of age.
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Table 2.5: Labor Force Participation

Labor Force Agri Non-Agri
Participation (%) Participation (%) Participation (%)

Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6)

A: Overall Impact of Jeevika

Jeevika 0.23 2.45∗ -0.61 1.12 2.13∗ 0.85
(0.98) (1.34) (1.44) (1.24) (1.28) (0.55)

Obs 14479 13376 14479 13376 14479 13376
Clusters 179 179 179 179 179 179

Mean 80.76 52.03 48.30 46.83 41.58 6.18

B: Impact of Jeevika on non-SC/ST households

Jeevika 1.40 3.66∗ 2.03 2.22 1.17 1.22∗

(1.26) (1.87) (1.67) (1.75) (1.45) (0.69)

Obs 4410 4048 4410 4048 4410 4048
Clusters 174 174 174 174 174 174

Mean 79.01 44.93 45.79 40.17 40.08 5.09

C: Impact of Jeevika on SC/ST households

Jeevika -1.33∗∗ -2.07∗∗ -3.66∗∗ -2.36∗∗ 1.59 -0.15
(0.65) (0.90) (1.69) (1.04) (1.28) (0.69)

Obs 10069 9328 10069 9328 10069 9328
Clusters 178 178 178 178 178 178

Mean 85.44 71.26 53.22 65.59 45.42 7.85

Standard errors clustered at the panchayat and household level shown in parentheses.
Coefficients are from an ANCOVA specification — linear regressions of each outcome on
its value at baseline, and an indicator of treatment status. Panel A presents results
from full-sample weighted regressions. Weights are inverse probability of sampling
weights that are re-weighted to sum to one at the village level in order to re-constitute
the caste composition of the village. Panel B has results on the non-SC/ST sub-sample,
without sampling weights. Panel C has results on the SC-ST sub-sample, without
sampling weights. All specifications control for strata dummies and baseline controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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solely by women from non-SC/ST households (column 2, panel B, Table 2.5). Women from
SC/ST households, on the other hand, reduced their labor force participation (column 2,
panel C, Table 2.5). Breaking this down by occupation type (Table 2.6, Table B.12), we
see that women from SC/ST households in treated villages were 7 percent less likely to
be engaged in agricultural labor than in control villages (column 6, panel C, Table 2.6),
while their participation in other occupations remained no different. Women from non-
SC/ST households, on the other hand, were more likely to participate in self-employment
or salaried employment. However, this increase in participation was over a small base —
only 2 percent and 1 percent of women from non-SC/ST households in control villages were
self-employed or in salaried employment, as opposed to 3 percent and 2 percent among their
counterparts in treated villages (columns 10 and 12, panel B, Table 2.6). Their participation
in other occupations was no different. Interestingly, Jeevika also reduced participation in
agricultural labor for men from SC/ST households (column 1, Table 2.5, Table B.11; column
5, Table 2.6, Table B.12).32

To get at what drives these results, I analyze the treated sub-sample pooled across base-
line and endline. I employ a difference-in-differences strategy using an indicator for borrowing
from self-help groups at endline (in Table B.2), and an indicator for savings with self-help
groups at endline (in Table B.3). A caveat here is that since borrowing from, and saving
with, SHGs are both endogenous, these results are merely correlational and should be inter-
preted with caution. These analyses demonstrate that women from non-SC/ST households
who also take loans from SHGs were more likely to be self-employed in 2014 (column 10,
Table B.2). For women from SC/ST households, those who also saved with SHGs in 2014
were more likely to have participated in agricultural labor in 2011. While all women (and
men) reduced their participation in agricultural labor by 2014, those from household which
also saved with SHGs were differentially less likely to participate in agricultural labor in
2014 (columns 3 and 4, Table B.3).

2.5.4 Casual Labor Wages

In the rural Indian context, markets for casual wage labor in agriculture are localized, and
there is usually a gender-specific prevailing wage for each task in a village (Bliss & Stern,
1982; Dréze & Mukherjee, 1989; Kaur, 2019). Thus, with substantial changes in the labor
supply for casual wage agricultural labor, we might expect there to be an impact on wages in
this sector. In this section, I look at impacts on casual labor wages. Wage data are from the
village-survey, which included a component on the ‘going’ daily wages in the Kharif, Rabi,
and Zaid seasons.33

32Men reduce their participation in animal husbandry as well. However, fewer than 1 percent of men
participate in animal husbandry in the control group at endline.

33Kharif is the autumn harvest, Rabi is the spring harvest, and Zaid is the summer harvest. Kharif and
Rabi are the main growing seasons, with Rabi enjoying the highest acreage in Bihar.
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Figure 2.4: Wages at Baseline

Typically, women’s casual labor wages are lower than those for men (Kaur, 2019; Ma-
hajan, 2017; NSS, 2012). This is true for both agricultural and non-agricultural wages in
the study sample (Figure 2.4). On average, wages in both sectors increased in real terms
between 2011 and 2014 (Figures 2.4, 2.5). At baseline, men’s non-agricultural casual labor
wages were |33 lower than agricultural wages on average, and those of women were |20
lower.

Table 2.7 (and Table B.13) shows that Jeevika increased agricultural wages for both
men and women (columns 1, 2). Accompanying the 12 percent and 7 percent decline in
agricultural labor participation for men and women respectively, wages for men across seasons
went up by 17 percent and those for women went up by 12 percent (Table 2.7). These changes
also appear to have widened the gender-gap in agricultural labor wages. The increase in
agricultural wages could have resulted from the decrease in supply, a change in worker
composition or an improvement in productivity due to an increase in consumption and
nutrition (Fink et al., 2014). I find no evidence for increased food consumption (Table B.4),
so this is unlikely to be a channel through which wages increase. However, given the data, it
is not possible to distinguish between whether the increase in wages comes from the decrease
in labor supply alone, or in combination with a change in worker composition. Assuming
that the program had no impact on the demand for agricultural labor, these changes imply
a labor demand elasticity of -0.71 for men and -0.57 for women.34 There appear to be no
changes in non-agricultural wages, which might be expected given no changes in the supply
of non-agricultural casual wage labor for men or women.

34There is no significant impact on either men’s or women’s participation in cultivation; and it is unlikely
that productivity (for instance, due to rainfall shocks) are differential across treatment and control villages.
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Figure 2.5: Wages at Endline

2.6 Discussion and Conclusions

While Jeevika significantly affected the finances of rural households, its impact on women’s
empowerment was muted. As a result, the program had heterogenous effects on women’s
labor supply across caste groups. Women from non-SC/ST households tend to participate
in labor markets at far lower rates than women from SC/ST households. This is true across
India, and is far starker in regions with stronger patriarchal norms. Bihar is one such state,
where status concerns dictate not just women’s participation in market-based work, but
also the types of work that are deemed appropriate for them to participate in (Eswaran
et al., 2013). In this context, it is promising that access to Jeevika increased labor force
participation amongst women from more privileged households by 8 percent. This effect,
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unsurprisingly, was driven by women engaging in self-employment or salaried work — both
potentially more conducive to ‘preserving status’ than casual wage labor, where women might
work outside of homes or villages.

Women from SC/ST households, on the other hand, decreased labor supply. They par-
ticipated in the labor force at far higher rates (71 percent, as opposed to 45 percent for
women from non-SC/ST households in the control group), and did so mainly in agricultural
labor. Jeevika resulted in 7 percent fewer women participating in agricultural labor, and in
a 3 percent decline in labor force participation amongst women from SC/ST households. As
a result, women from SC/ST households largely dropped out of the labor force, rather than
re-allocating their labor elsewhere in market-based work. This change is on the extensive
margin, and presumably includes some re-allocation by women on the intensive margin as
well. Accompanying this, men from SC/ST households also reduced agricultural wage labor,
and 1 percent fewer men participated in the labor force at all. The impacts for men and
women, taken together, suggest a household level change in the need for market-work —
possibly, a reduction in the need for labor supply as a coping mechanism. However, while
4 percentage points fewer men participated in agricultural labor, only 3 percentage points
fewer women did so. These changes in labor supply at the household level also led to market
level changes, increasing agricultural casual labor wages for both women and men. The
larger relative change in labor supply for men led to a larger increases in wages. Men’s
wages went up by 17 percent as opposed to 12 percent for women’s wages. As a result, the
gender-wage gap in agricultural labor also increased — and this might imply a reduction in
women’s relative market bargaining power.

Increasing women’s access to financial resources is believed to improve women’s empow-
erment, and provide them with resources for market-activity. Higher women’s participation
in market-based work, in turn, is seen as an indicator of women’s empowerment, and a means
for households to improve their material well-being. As a result, programs such as Jeevika
often target women through a mix of household finance, livelihoods and empowerment com-
ponents as part of poverty reduction strategies. This chapter demonstrates that while such
programs have beneficial impacts on the household as a unit, they have mixed effects on
women’s labor supply, as households with different levels of privilege respond differentially.
In addition, they also distort local labor markets, adversely impacting gender-wage gaps,
and potentially reduce women’s relative market-bargaining power.
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Table 2.6: Participation by Occupation Type

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Overall Impact of Jeevika

Jeevika 1.49 1.11 -0.39∗∗∗ -0.60∗∗ -2.32∗∗ -0.11 1.31 0.37 -0.47 0.68∗∗ 1.70∗ 0.51∗∗

(1.26) (1.21) (0.11) (0.30) (1.17) (0.85) (1.06) (0.35) (0.56) (0.33) (0.99) (0.25)

Obs 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376
Number of clusters 179 179 179 179 179 179 179 179 179 179 179 179

Mean 31.18 25.43 0.58 1.12 18.14 21.84 25.27 1.93 6.94 1.79 10.06 1.35

B: Impact of Jeevika on non-SC/ST households

Jeevika 1.38 0.63 -0.32∗∗ -0.40 0.59 1.48 0.21 0.01 -0.17 0.85∗∗ 1.99∗ 0.93∗∗∗

(1.64) (1.72) (0.14) (0.34) (1.31) (0.96) (1.21) (0.33) (0.79) (0.40) (1.13) (0.30)

Obs 4410 4048 4410 4048 4410 4048 4410 4048 4410 4048 4410 4048
Number of clusters 174 174 174 174 174 174 174 174 174 174 174 174

Mean 36.76 29.02 0.49 1.16 9.92 11.60 22.01 0.87 8.64 1.84 9.61 1.21

C: Impact of Jeevika on SC/ST households

Jeevika 0.66 0.86 -0.19∗ -0.24 -4.31∗∗∗ -3.22∗∗∗ 0.69 0.25 0.07 -0.23 0.69 0.01
(0.92) (0.91) (0.11) (0.21) (1.61) (1.02) (1.21) (0.57) (0.39) (0.22) (1.01) (0.24)

Obs 10069 9328 10069 9328 10069 9328 10069 9328 10069 9328 10069 9328
Number of clusters 178 178 178 178 178 178 178 178 178 178 178 178

Mean 19.18 19.40 0.50 0.77 35.04 46.79 33.09 4.15 3.44 1.60 10.31 1.37

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA specification — linear regressions of each outcome on its value
at baseline, and an indicator of treatment status. Panel A presents results from full-sample weighted regressions. Weights are inverse probability of sampling weights
that are re-weighted to sum to one at the village level in order to re-constitute the caste composition of the village. Panel B has results on the non-SC/ST sub-sample,
without sampling weights. Panel C has results on the SC-ST sub-sample, without sampling weights. All specifications control for strata dummies and baseline controls.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 2.7: Casual Labor Wages

Agricultural Non-Agricultural

ln (real |) ln (real |)

Men Women Pooled Men Women Pooled

(1) (2) (3) (4) (5) (6)

Jeevika 0.17∗∗∗ 0.12∗∗ 0.20∗∗∗ 0.02 0.10 0.04
(0.05) (0.05) (0.05) (0.03) (0.10) (0.03)

Female -0.15∗∗∗ -0.13∗

(0.05) (0.07)

Jeevika × Female -0.09∗ 0.12
(0.06) (0.09)

Obs 618 598 1216 991 331 1322
Clusters 166 161 166 179 90 179

Mean |105.04 |80.67 |105.04 |157.13 |112.79 |157.13

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an
ANCOVA specification — linear regressions of each outcome on its value at baseline, and an
indicator of treatment status. Regressions in columns 3 and 6, in addition, include a dummy
for female wages, and the interaction between a female indicator and treatment status
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Chapter 3

Rural Employment Guarantees,
Household Borrowing and Rural
Credit Markets in India

3.1 Introduction

Rural households in developing countries are susceptible to variability in economic oppor-
tunities, and face risk through health shocks, bad harvests or bad weather. Ex ante, these
households aim to mitigate risk through conservative production or employment choices, or
diversifying economic activities; and once shocks have occurred, they cope by using credit
or insurance arrangements (Morduch, 1995). The most commonly available options for a
household are to rely on credit or labor markets.

This chapter explores the credit market impacts of changes in labor markets. While credit
markets help households smooth consumption, labor markets also serve a social insurance
role — for instance, unemployment insurance might help improve risk-sharing and increase
output when certain financial markets are incomplete (Acemoglu & Shimer, 1999; Agell,
2001). In addition, credit constraints can be more pronounced when labor income profiles
make borrowing more desirable (Bertola & Koeniger, 2004). This inter-linkage has motivated
social protection, through guaranteed incomes and cheaper credit options. In developing
countries, this has involved expansions in the availability of microcredit; and in the case
of India, the National Rural Employment Guarantee Scheme (NREGS). Both have helped
improve households’ ability to deal with shocks (A. Islam & Maitra, 2012; Menon, 2003),
and increase their incomes (Muralidharan, Niehaus, & Sukhtankar, 2020).

I exploit the staggered roll-out of the NREGS program in India to evaluate the impact of
an improvement in labor market opportunities on a household’s demand for credit, and the
terms at which loans on the informal market are contracted. The National Rural Employment
Guarantee Scheme (NREGS) guarantees 100 days of unskilled manual employment to each
household in rural India, at a daily wage of |100 for both men and women at the time of its
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roll-out. The scheme was rolled out across India in three phases, starting with 200 districts in
2006, followed by an additional 120 districts in 2007, and finally the remaining 273 districts
in 2008.1 I use data spanning the years prior to, and during, the program’s roll-out — which
enables using a difference-in-differences approach to identify the program’s effects.

I present three main sets of results. First, similar to N. Bose (2017), I find that access to
NREGS increased households’ consumption expenditures, but had no significant impact on
livelihoods soon after the first phase of its roll-out. Second, unlike in Bell and Mukhopadhyay
(in press), I find muted impacts on household borrowing. While I find no overall impact on
borrowing, relatively disadvantaged or marginalized households were able to borrow more,
particularly from institutional sources. Finally, I observe no significant impacts on the terms
at which loans were contracted, nor on the number of lenders that operated in a village.

This chapter contributes to the extensive literature on household risk-coping strategies.
When faced with income shocks, rural households in developing countries engage in a variety
of informal insurance arrangements in order to smooth consumption. Households might
rely on their savings, or borrow from friends, relatives, informal lenders or formal lenders
(Morduch, 1995); they might also resort to selling investment assets such as bullocks to
smooth consumption (Rosenzweig & Wolpin, 1993). On a longer-time scale, the tendency
for a woman to migrate following marriage helps both her natal and marital households
mitigate risk through mutual insurance with geographically distant households (Rosenzweig
& Stark, 1989). And, finally, through their labor supply, households cope with risk by either
increasing their market hours of work (Kochar, 1999) or by migrating seasonally (Bryan,
Chowdhury, & Mobarak, 2014; Coffey et al., 2015; Morten, 2019). Building on this, I analyze
the impact of improved labor market opportunities on household borrowing.

Second, this chapter contributes to the evidence on the functioning of rural credit mar-
kets in developing countries. Recently, several microcredit interventions (Angelucci et al.,
2015; Attanasio et al., 2015; Augsburg et al., 2015; Banerjee, Duflo, et al., 2015; Crépon
et al., 2015; Tarozzi et al., 2015) have demonstrated that improving household access to
credit causes households to take on more overall debt, while shifting away from wage labor
and toward self-employment. However, in most cases, there is no impact on household in-
comes or consumption. In terms of the market for credit itself — the entry of new lenders
(microfinance institutions, government lending programs or other sources) also impacts the
existing moneylending market, altering loan terms and the lenders in operation (Demont,
2016; Hoffmann et al., 2020).

Finally, this chapter adds to the evidence on the impact that NREGS has had on house-
hold outcomes and local markets. NREGS serves as a safety net for households (Drèze
& Khera, 2011; Zimmerman, 2014), and improves household consumption (N. Bose, 2017).
One of the main market level impacts of the program has been an increase in private sec-
tor wages in rural areas as NREGS crowds out the private sector (Imbert & Papp, 2015).
The program also reduces short-term (or seasonal) migration to urban areas (Imbert &
Papp, 2020), thereby increasing wages for short-term manual work in urban areas as well.

1Out of a total of 593 districts at that time.
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Alongside these labor market effects, are the program’s impacts on schooling and human cap-
ital accumulation. When parents participate in work through NREGS, there are changes in
household dynamics impacting both younger and older children. While younger children end
up spending more time in education (M. Islam & Sivasankaran, 2014), older boys increase
participation in non-NREGS market work and older girls engage in more unpaid domestic
work (M. Islam & Sivasankaran, 2014; Shah & Steinberg, in press).

The impacts of NREGS also vary with the quality of its implementation, which varies
drastically across regions — with levels of corruption, the timeliness of payments, and the
availability of work. The incidence of corruption, for one, occurs either through over-invoicing
the government for work not done, or paying less than statutory wages for work actually
completed (Afridi, Iversen, & Sharan, 2013; Niehaus & Sukhtankar, 2013); and suboptimal
implementation also sometimes leads to rationing of work (Narayanan, Das, Liu, & Barrett,
2017). These factors not only directly countervail NREGS’ ability to serve as a safety-net,
but also indirectly do so by suppressing subsequent demand for work (Narayanan et al.,
2017). Delays in payments of wages are another concern, and in an intervention speeding
up payments, Muralidharan et al. (2020) find that even this significantly icreases incomes
through private sector wage increases. By and large, how well NREGS is implemented at
the village level often depends on the identity of the village council head (Afridi et al., 2013;
Dutta, Murgai, Ravallion, & van de Walle, 2012), with female representatives presiding over
better local NREGS operations.

Evidence on the impacts of NREGS on household borrowing and rural credit markets
is limited, focusing on individual states. Evidence from the undivided state of Andhra
Pradesh suggests that NREGS allows poor households to borrow more from formal sources,
presumably because participating in NREGS also requires opening a bank or post office
account rather than due to the program itself (Dey & Imai, 2015).2 In the state of Odisha,
Bell and Mukhopadhyay (in press) find that NREGS lowers borrowing for consumption,
but increases borrowing for production. This evidence, however, relies on the ‘reservation’
status of the post for head of the village council as an instrument — which might capture
the quality of implementation of other village level programs that could also impact credit
market outcomes, rather than NREGS alone.3 This chapter aims to build on this, and add
further evidence.

2Required since 2008.
3An example is the distribution of subsidized food items to the poor through the Public Distribution

System (PDS).
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3.2 Background

3.2.1 Credit in Rural India

As described in chapter 1, indebtedness is prevalent in rural India, with 31.4 percent of
households reporting having debt, at an average level of indebtedness of |1,03,457 per house-
hold4 (NSSO, 2013b). A large part of this debt is taken to meet consumption expenditures
on food, housing, health and education, as well as social obligations and rituals (Sarangi,
2011). Rural households borrow from both institutional5 and non-institutional sources, with
only 25.1 percent of outstanding cash debt being from banks (NSSO, 2013b). Of the non-
institutional sources, informal moneylenders are the most important in rural areas, having
lent 33.2 percent of all outstanding debt.6

Rural credit markets in India are characterized by highly variable loan terms and interest
rates. These rates vary from around 20 percent per year to well over 120 percent per year
(Hoffmann et al., 2020; Sarangi, 2011; Swaminathan, 1991; Timberg & Aiyar, 1984). In
general, loan terms tend to vary by borrower type — with wealthier individuals being able
to borrow more while paying lower rates (Banerjee, 2003; Conning & Udry, 2007; Hoffmann
et al., 2020; Swaminathan, 1991; Timberg & Aiyar, 1984). This suggests that the local
market is segmented and has lines drawn on the basis of land ownership or caste status
(Khanna & Majumdar, 2018). Lenders in these markets have some degree of market power,
since a lender is an imperfect substitute for another once they have screened a borrower.
As a result, the market is often characterized as being monopolistically competitive (Aleem,
1990; Hoff & Stiglitz, 1998).

3.2.2 National Rural Employment Guarantee Scheme (NREGS)

In 2005, India passed the National Rural Employment Guarantee Act (NREGA), which
guarantees every rural household 100 days of unskilled manual employment in local public
works at the statutory minimum wage in each state in each financial year (MoRD, 2005).7

Employment has to be provided within 15 days of a household making a request8 and once
employed, wages are to be paid within 15 days of work being completed (Drèze & Khera,
2011). NREGA mandates that at least one-third of employment go to women, and that
women and men be paid the same wage. In addition, work is to be provided within 5 kilo-
meters of a worker’s residence; and workers are entitled to facilities for child care (Khera,
2011). The program is implemented at the local level by Gram Panchayats as the National

4This is USD 1,839.56 in 2012 per indebted household.
5Institutional sources include banks, cooperative societies, self-help groups, ROSCAs etc.
6Friends and relatives account for a further 8 percent of outstanding debt.
7The wage rate was initially set at Rs. 100, but was later set to the statutory minimum wage rate in

each state. (MoRD, 2005)
8Failing this, an unemployment allowance is to be paid
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Rural Employment Guarantee Scheme (NREGS).9,10 In 2011, |40,000 crore (USD 8.7 bil-
lion11) was allocated for the program in the union budget, and 54 million households were
provided employment in 2010-11 (Economic Survey, 2012).12

NREGS was rolled-out in a staggered manner, with 200 of the poorest districts receiving
the program in February 2006, followed by another 130 in April 2007, and all remaining
districts received the program in April 2008.13,14 Initially, all wage payments to workers
were made in cash by Gram Panchayat officials. However, due to instances of corruption,
the government decided to move to wage payments through banks and post offices in April
2008 to reduce leakage by separating the implementing agency and the payment agency. An
unforeseen consequence of this switch was an increase in payment delays in most states due to
lack of capacity in the banking and postal systems. Another issue with implementing NREGS
has been unmet demand, with such rationing being the greatest in poorer states (Dutta et al,
2012). Despite these issues, early studies indicated that, where work was available, NREGS
was a “new lifeline for the rural poor” (Khera, 2011) — helping individuals avoid hunger,
avoid migration, and cope with illness (Drèze & Khera, 2011).

In the next section, I outline a model to formalize the relationship between the roll-out
of NREGS and household borrowing.

3.3 Theoretical Framework

3.3.1 Basic Setup

I consider a rural economy with households that derive utility from consumption over two
periods, described by the utility function, U i = u(ci1) + βE[u(ci2)]. The per-period utility
function, u(·) is a concave function, with u′(·) > 0 and u′′(·) < 0. All households receive
an exogenous income, w, in the first period, and can also borrow, bi, from the local credit
market. A household can put resources that it has available in period 1 either into consump-
tion, or invest a household-type-specific amount, xi, in production. Each household has a
production technology, fi(·), with f ′i(·) > 0 and f ′′i (·) < 0. Output is realized in period 2,
with a probability, p. With probability, (1−p), production fails, and the household can par-
ticipate in the local labor market, earning the prevailing exogenously given labor income, w.
Uncertainty in realizing production output is meant to reflect the reality in rural developing

9A Gram Panchayat is a unit of local administration in India, its members are elected for five years. The
head of a panchayat is the Sarpanch or Panchayat President.

10The central government bears the cost of wages for workers, and 75 percent of the materials cost, while
state governments bear the remaining costs.

112011 exchange rate.
12http://indiabudget.nic.in/es2011-12/echap-13.pdf
13The initial list of 200 were supposed to be the poorest in the country based on an index of ‘backwardness’

devised by the Planning Commission (Drèze & Khera, 2011)
14There were 593 districts in the 2001 Census of India, though this went up to 640 in the 2011 census.
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countries, where (for instance) cultivation depends on realized weather during the growing
season.

There are two types of households, i ∈ {H,L},15 distinguished by the production tech-
nology they are endowed with — fL(·) or fH(·), where fH(x) > fL(x) ∀x. I assume that
f ′L(0) 6=∞16 — this is meant to reflect the fact that some households are privileged, either
owning land, or being able to lease in better land than other households.17 Given this, a
household maximizes utility according to the following maximization problem, where ri is
the prevailing interest rate for this type of household. In period 1, a household of type-i, then
chooses when to invest in the production technology or not; and given this choice, chooses
how much to borrow. I assume that both types of households borrow a positive amount.

maximize
ci1, c

i
2

Ui = u(ci1) + βE[u(ci2)]

subject to ci1 = w + bi − xi,
xi ≥ 0,

ci,P2 = fi(x
i)− (1 + ri)bi, with probability p, if xi > 0

ci,W2 = w − (1 + ri)bi, with probability (1− p), if xi > 0

ci,O2 = w − (1 + ri)bi, with certainty if xi = 0

(3.1)

Assumption 6. UH(·, xH > 0) > UH(·, xH = 0) and UL(·, xL = 0) > UL(·, xL > 0).

I make the assumption above that a H-type household always chooses to invest in the
production technology it is endowed with, and a household of type-L never chooses to do so.
As a result, borrowers of type, H, choose to invest in production, while borrowers of type,
L, choose not to invest. So, for a household of type, L, the first order condition from the
optimization is:

u′(cL1 ) = β(1 + rL)u′(cL2 ) (3.2)

and, for a household of type, H, the first order condition is:

u′(cH1 )− β(1 + rH)[p.u′(cH,P2 ) + (1− p).u′(cH,W2 )] = 0 (3.3)

u′(cH1 )− βf ′H(xH).p.u′(cH,P2 ) = 0 (3.4)

15H are privileged households, or High types; while L are disadvantaged households, or Low types
16For instance by assuming a linear production function
17this is also meant to reflect the fact that households belonging to lower caste groups may not have

access to land or other inputs for production
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3.3.1.1 Lender’s Problem

On the supply-side, for the purpose of this model, I restrict attention to informal moneylen-
ders, who provide a large fraction of credit in villages. I consider a market with multiple,
differentiated, risk-neutral lenders, each earning zero profit in a monopolistically competitive
market. In the rural Indian context, informal moneylenders are local landlords or traders,
or professional moneylenders who are familiar with the local context. Lenders can observe a
borrower’s investment decisions, a borrower’s caste, and the land under a borrower’s control.
I assume that ρ is the cost of capital; and lenders also incur a fixed cost, φ(w) ≥ 0, that
varies with the prevailing exogenous income, w. This is because lenders need to exert effort
to get a borrower to repay her debt when the realized income is w. The lender does not have
to incur this cost if the borrower chooses to produce, and production is successful. This effort
is decreasing with an increase in w, i.e., if a borrower’s ‘worst-case’ labor income improves,
it is easier for the borrower to repay her debt, and the lender will have to exert less effort
(so, φ′(w) < 0).

Assumption 7. Lenders can distinguish between borrowers of type, H, and type, L.

This is plausible in rural India, since borrowers can be differentiated based on their land-
holding status or caste status (both of which are common knowledge). Given the segmented
nature of the market a lender faces, for borrowers of type, L, a lender’s expected profit is:

RLbL − (ρbL + φ(w)) = 0

which implies,

RL = ρ+
φ(w)

bL
(3.5)

where RL = 1 + rL.

and for borrowers of type, H, a lender’s expected profit is:

RHbH − (ρbH + (1− p)φ(w)) = 0

which implies,

RH = ρ+
(1− p)φ(w)

bH
(3.6)

where RH = 1 + rH .

Assumption 8. Loans made to both types of households take positive values in equilibrium.
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3.3.2 Equilibrium

In equilibrium, borrowing for a household of type, L satisfies:

u′(w + bL)− β
[
ρ+

φ(w)

bL

]
u′(w − ρbL − φ(w)) = 0 (3.7)

while borrowing for a household of type, H, borrowing satisfies:

u′(w + bH − xH)− β
[
ρ+

(1− p)φ(w)

bH

]
.

{
p.u′(fH(xH)− ρbH − (1− p)φ(w)

+(1− p)u′(w − ρbH − (1− p)φ(w))

}
= 0

(3.8)

u′(w + bH − xH)− βf ′H(xH).p.u′(fH(xH)− ρbH − (1− p)φ(w)) = 0 (3.9)

3.3.3 Entry of NREGS

NREGS provides a safety-net to households, allowing them to earn more during the lean
season when they participate in the program. It also has general equilibrium effects, increas-
ing private sector casual wages. Thus, I assume that the overall impact of having access to
NREGS is an increase in the exogenously given labor income, w.

Proposition 11. An exogenous increase in labor income, w, decreases the amount borrowed
by households of type, L, when they are either risk-neutral or have low risk aversion; while
it increases the amounts they borrow when households have high risk aversion.

Totally differentiating equation (3.7) above, results in:

dbL

dw
=

{
− bL2

u′′(cL1 ) + βbLu′(cL2 )φ′(w) + βRLbL
2
u′′(cL2 )(1− φ′(w))

}
{
bL2u′′(cL2 ) + βu′(cL2 )φ(w) + βRLbL2ρu′′(cL2 )

} (3.10)

In the simplest scenario, when households are risk-neutral,

dbL

dw
=

{
βbLu′(cL2 )φ′(w)

}
{
βu′(cL2 )φ(w)

} < 0
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In other scenarios, I assume CRRA preferences, which imply that

∣∣∣∣c.u′′(c)u′(c)

∣∣∣∣ is a constant, γ.

When γ is low, i.e., γ <
cL1 c

L
2

cL2 +ρcL1
. φ(w)

RLbL2 , the expression results in dbL

dw
< 0; and when γ is high,

i.e., γ >
cL1 c

L
2

cL2 +ρcL1
. φ(w)

RLbL2 , the expression results in dbL

dw
> 0. Since households of type, L, do not

invest, these changes represent changes in borrowing for consumption.

Proposition 12. An exogenous increase in labor income, w, decreases the interest rate that
informal moneylenders charge households of type, L, (dR

L

dw
< 0) provided φ(w) is more elastic

with respect to w than bL is.18

Totally differentiating equation (3.5) above results in:

dRL

dw
=
φ(w)

bL

[
φ′(w)

φ(w)
− 1

bL
.
dbL

dw

]
(3.11)

Since φ′(w) < 0 by assumption, interest rates decrease when dbL

dw
> 0. When dbL

dw
< 0,

interest rates decrease when |φ
′(w)
φ(w)
| > | 1

bL

dbL
dw
|, or when the elasticity of φ(w) with respect to

w is larger in magnitude than the elasticity of bL with respect to w. In cases where this does
not hold, lenders lose out on economies of scale, and are forced to increase interest rates
because they face higher average costs.

Proposition 13. An exogenous increase in labor income, w, increases the amounts house-
holds of type, H, borrow when they are either risk-neutral or have low risk aversion. An
exogenous increase in labor income, w, decreases the amounts households of type, H, borrow
when they have high risk aversion.

Totally differentiating equations (3.8) and (3.9), we obtain a system of equations, that can
be solved to obtain:

dbH

dw
=
A.B − C.D
E.B − F.C

(3.12)

dxH

dw
=
E.D − F.A
E.B − F.C

(3.13)

where;

A = −u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)
bH

φ′(w)− βRH(1− p)φ′(w).[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )]

B = −u′′(cH1 )− β.p.u′(cH,p2 ).f ′′H(xH)− β.p(f ′(xH))2.u′′(cH,p2 )
C = −u′′(cH1 )− βRH .p.u′′(cH,p2 ).f ′(xH)
D = −u′′(cH1 )− β.p.f ′(xH).u′′(cH,p2 ).(1− p).φ′(w)

18i.e., the magnitude of the former elasticity is larger than the magnitude of the latter elasticity
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E = u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)φ(w)

bH2 + βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )]

F = u′′(cH1 ) + β.p.ρ.f ′(xH).u′′(cH,p2 )

When households are risk-neutral, these expressions simplify to C = D = F = 0; A =
u′(cH1 )

RH
. (1−p)
bH

φ′(w), B = −β.p.u′(cH,p2 ).f ′′H(xH), E =
u′(cH1 )

RH
. (1−p)φ(w)

bH2 . As a result, dbH

dw
< 0, and

dxH

dw
= 0. In situations where households are not risk-neutral, I continue to assume CRRA

preferences. With CRRA preferences, A > D > 0, and so the numerator of dbH

dw
is a positive

number. I first consider households with low relative risk aversion,

i.e., γ <
(1− p)φ(w)f ′H(xH)cH,p2

2
cH,w2 c1

RHBH2{f ′H(xH)[RHρ(1− p)cH1 c
H,p
2 + cH,p2 cH,w2 (cH,p2 + ρc1)]− ρRH2(1− p)c1c

H,p
2 }

.

Here, E > 0, and the denominator is positive. Thus, such a household increases the amount
they borrow, bH , and the amount that they invest, xH ; and borrowing for production in-
creases. On the other hand, when the coefficient of relative risk aversion is high,19

i.e., γ >
φ(w)cH,p2 cH,w2

βRH2bH2ρu′(cH,w2 )[cH,p2 − cH,w2 ]
,

E < F , and the denominator of dbH

dw
is negative. Such a household decreases the amount it

borrows, bH . However, the impact on the amount it invests, xH , is ambiguous. In addition,
when,

(1− p)φ(w)f ′H(xH)cH,p2

2
cH,w2 c1

RHBH2{f ′H(xH)[RHρ(1− p)cH1 c
H,p
2 + cH,p2 cH,w2 (cH,p2 + ρc1)]− ρRH2(1− p)c1c

H,p
2 }

< γ <
φ(w)cH,p2 cH,w2

βRH2bH2ρu′(cH,w2 )[cH,p2 − cH,w2 ]
,

the impact of an increase in w on household borrowing, for a household of type, H, is am-
biguous.

Proposition 14. An exogenous increase in labor income, w, unambiguously decreases the
interest rate, RH , for borrowers of type, H, when borrowers have low risk aversion. When
borrowers of type, H, have high risk aversion, it does so provided φ(w) is more elastic with
respect to w than bH is.

19this inequality is problematic to take to the data since it includes marginal utility. Further work will
require simplifying this.
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Totally differentiating equation (3.6) above results in:

dRH

dw
=
φ(w)

bH

[
φ′(w)

φ(w)
− 1

bH
.
dbH

dw

]
(3.14)

When borrowers have a low coefficient of relative risk aversion, db
H

dw
> 0, and the expression in

(3.14) is negative, implying that the interest rate decreases. When dbH

dw
< 0, and the elasticity

of φ(w) with respect to w is larger in magnitude than the elasticity of bH with respect to w,
the effect in the first part of the expression in (3.14) dominates, and the interest rate, RH ,

declines. When dbH

dw
< 0, and the elasticity of φ(w) with respect to w is smaller in magnitude

than the elasticity of bH with respect to w, the effect in the second part of the expression in
(3.14) dominates, and the interest rate, RH , increases.

I assume that households have low risk aversion.20 For households with low risk aversion,
the model predicts that (1) bL decreases, (2) RL increases, provided the elasticity of the
fixed cost of recovery with respect to labor income is larger than the elasticity of borrowing
with respect to labor income, (3) bH increases, and xH increases, (4) RH increases. In the
empirical context, with assumed restrictions on preferences, these predictions correspond
with the following hypotheses:

1. In regions with access to NREGS, amounts borrowed for consumption decrease.

2. In regions with access to NREGS, amounts borrowed for production increase.

3. In regions with access to NREGS, amounts borrowed for consumption among disad-
vantaged households decrease, with a net decrease in amounts borrowed.

4. In regions with access to NREGS, amounts borrowed for production by privileged
households increase, with a net increase in amounts borrowed.

5. In regions with access to NREGS, informal moneylender interest rates to disadvantaged
households decrease (but remain higher than those for privileged households).

6. In regions with access to NREGS, informal moneylender interest rates to privileged
households decrease.

20Ligon et al (2002) use ICRISAT panel data to estimate the coefficient of relative risk aversion for CRRA
preferences, and estimate values of between 1.55 and 1.61. Based on this, Morten (2015) uses an estimate
of γ = 1.6 in a of migration in rural India. Assuming γ = 1.6, the ‘low risk aversion’ predictions hold if

(roughly) 1.6 <
cL1 c

L
2

cL2 +ρcL1
. φ(w)

RLbL2 . Using a rough estimate for the right hand side of this inequality from an

household panel dataset for the Indian state of Bihar, I find that it is around 1.7. I assume for now that the
right hand side from the first inequality for privileged households is similar.
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3.4 Data and Empirical Strategy

3.4.1 Data

Data for this analysis comes from the ARIS/REDS dataset, which is a village-level and
household-level panel dataset (1999, 2006) administered by the National Council of Applied
Economic Research (NCAER). The 2006 round has a sample size of 9,500 households in 242
villages in 104 districts in 17 states intended to represent the entire rural population of India
— including all the households surveyed in 1999, and 8 new randomly selected households
in each village (NCAER).

The 1999 survey round consists of data pertaining to the 1998-99 agricultural season,
while the 2006 survey round consists of data pertaining to the 2005-06, 2006-07, and 2007-08
agricultural seasons. The first phase of NREGS rolled out in February 2006, and so this
dataset encompasses all three phases of the roll-out. In addition, in the early years, work
through NREGS was largely confined to the lean season (February to May each year) (Khera,
2011).

3.4.2 Sample Characteristics

The 1999 ARIS/REDS sample used in this chapter consists of 4,587 households; while the
2006 sample has 5713 households. Of these, 1,393 of the 1999 sample households are from
42 villages in 34 phase 1 districts (out of a total of 200 districts which received the program
in this phase). The sample also consists of 771 households in 29 villages in 19 districts out
of the 120 second phase districts; and 2,423 households in 84 villages in 50 districts out of
the 273 remaining districts (Table 3.1).

The staggered roll-out of NREGS prioritized economically underdeveloped districts (Zim-
merman, 2014), and, on average, phase one districts were worse off when compared with
phase two and phase three districts. Though the ARIS/REDS sample is meant to be rep-
resentative of rural India, it is not necessarily representative across all three phases. The
position of village council head was reserved for a member of the scheduled castes or sched-
uled tribes (SC/ST) in 17 percent of sample villages in 1999, and in 48 percent of sample
villages in 2006; while it was reserved for women in 6 percent of sample villages in 1999,
and in 34 percent of sample villages in 2006. Comparing village characteristics across the
three phases, we see that casual labor wages for men and women are significantly higher
in phase three districts than in phase one districts. While villages from phase two districts
also appear to have higher wages than those in phase one, this difference is not statistically
significant. Villages do not appear to be significantly different across phases in terms of the
number of lenders or interest rates that moneylenders charge (Table 3.1).

With changes in household characteristics between 1999 and 2006, splits in sample house-
holds, and the addition of households to the sample — while 76 percent of households owned
land in 1999, only 69 percent did so in 2006; and while 5 percent of households belonged to
the scheduled castes or tribes in 1999, 22 percent did so in 2006. As might be expected given
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the roll-out strategy, monthly consumption expenditures in phase one districts are signifi-
cantly lower than in the others (by |96 compared to phase two, and |137 compared to phase
three) in 1999. Households in phase one districts were also more likely to participate in both
agricultural and non-agricultural casual wage labor. In terms of borrowing, households do
not appear to be significantly different across the three phases, however this could be driven
by a lack of power.

Table 3.1: Household Characteristics across Phases (in 1999)

Means
Difference
in Means

Phase 1 Phase 2 Phase 3 2 - 1 3 - 1

No. of Districts 34 19 50

No. of Villages 42 29 84

No. of Households 1,393 771 2,423

Village Characteristics

SC/ST Reservation (%) 20% 17% 18% -2.76 -2.14
(8.81) (7.37)

Female Reservation (%) 10% 17% 6% 7.24 -4.05
(9.76) (5.13)

No. of Lenders 2.78 2.45 3.07 -0.34 0.29
(0.52) (0.53)

Moneylender Interest Rate 51.34 50.63 46.29 -0.71 -5.05
(% per year) (7.22) (5.25)

Informal Interest Rate 45.28 48.84 41.92 3.55 -3.37
(% per year) (5.28) (4.16)

Formal Interest Rate 12.77 13.80 14.54 1.02 1.77
(% per year) (0.82) (2.16)

Male Wage (|) 59.18 62.39 70.20 3.20 11.01∗∗

(6.17) (4.87)

Female Wage (|) 43.40 51.46 51.31 8.07 7.91∗

(5.21) (4.26)

Household Characteristics

Household size 6.00 6.49 6.04 0.48 0.04
(0.40) (0.35)

Female Head (%) 6.68 5.19 5.70 -1.49 -0.98
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(1.37) (1.53)

SC/ST (%) 7.61 3.50 4.13 -4.11 -3.48
(2.64) (2.90)

Owns land (%) 72.58 80.54 76.31 7.97 3.73
(5.24) (4.22)

Consumption Expenditure 450.07 546.58 586.66 96.51∗ 136.59∗∗∗

(1999 |per capita, monthly) (54.84) (37.27)

Cultivation (%) 34.31 37.48 37.64 3.17 3.32
(11.80) (9.15)

Self-Employment (%) 9.26 10.51 8.87 1.25 -0.39
(3.14) (2.14)

Agricultural Labor (%) 35.53 22.96 23.32 -12.58∗∗ -12.22∗∗

(5.92) (4.97)

Non-Agricultural Labor (%) 24.62 15.56 19.69 -9.06∗ -4.94
(5.45) (4.90)

Salaried Employment (%) 12.71 17.25 18.90 4.54 6.20∗

(5.05) (3.19)

Borrowing Incidence in Reference Year (Source)

Any source (%) 9.98 7.52 7.22 -2.46 -2.76
(4.80) (3.14)

Friends & Relatives (%) 3.45 3.76 3.10 0.32 -0.35
(2.55) (1.48)

Moneylenders (%) 2.08 1.69 1.61 -0.40 -0.47
(1.53) (1.00)

Institutional Sources (%) 3.23 1.82 2.31 -1.41 -0.92
(1.38) (1.12)

Self-Help Groups (%) 3.16 2.08 1.86 -1.08 -1.30
(1.33) (1.21)

Borrowing Incidence in Reference Year (Purpose)

Consumption Expenditure (%) 2.37 3.37 3.01 1.00 0.64
(2.47) (1.10)

Production (%) 4.24 2.59 1.82 -1.64 -2.42
(1.87) (1.49)

Social/Celebrations (%) 0.72 0.39 0.41 -0.33 -0.31
(0.39) (0.38)

Consumer Durables (%) 0.36 0.52 0.41 0.16 0.05
(0.42) (0.35)
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Interest Rates on Household Loans

Overall 20.98 26.49 22.05 5.51 1.07
(% per year) (5.36) (2.79)

Friends & Relatives 27.12 30.88 29.69 3.75 2.57
(% per year) (8.41) (4.66))

Moneylenders 30.13 46.20 24.38 16.07* -5.75
(% per year) (8.73) (4.73)

Institutional Sources 23.22 35.29 22.51 12.07 -0.71
(% per year) (8.49) (3.52)

Self-Help Groups 14.53 14.00 14.75 -0.53 0.23
(% per year) (1.34) (1.31)

3.4.3 Identification: Difference-in-Differences

I exploit the staggered roll-out of NREGS to estimate its impact on household and village-
level outcomes in a difference-in-differences framework with village fixed effects. Identifica-
tion relies on the assumption that conditional on village and time fixed effects, the error is
uncorrelated with treatment (NREGS). Estimates will thus be unbiased only if outcomes in
villages in each NREGS phase do not trend differentially over time. However, this dataset
does not allow us to directly test the parallel trends assumption.21 I estimate the following
household level regression specification:

Yivjt = φt + ψv + β1Ijt +Xitδ + εivjt (3.15)

and the following village level regression specification:

Yvjt = φt + ψv + β1Ijt + χvtρ+ εvjt (3.16)

Here, Yivjt is the outcome for household i, in village v, in district j, at time t; Yvjt is the
outcome for village v, in district j, at time t; Ijt is an indicator for whether district j has the
program in year t; ψv are village fixed effects, which absorb any time invariant village char-
acteristics; φt are time fixed effects; Xit is a vector of time-varying household characteristics
that are not affected by NREGS; χvt is a vector of time-varying village characteristics that
are not affected by NREGS; and standard errors are clustered at the district level. β1 is the
co-efficient of interest, measuring the reduced form effect of NREGS on household borrowing
and credit outcomes.22

21While some of the households were previously surveyed in 1982 and 1971, given the long lag, and lack
of power, I do not resort to using these rounds to test the assumption.

22This is through an increase in the labor income a household can earn — both through NREGS work,
and its general equilibrium effects on private sector casual wages.
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3.4.4 Heterogeneity: Triple Differences

To better represent the model’s predictions, I also focus on heterogeneous treatment effects
by a household’s caste, and land-ownership status; and estimate the following specification:

Yivjt = φt + ψi + β1Ijt + β2Disadi + β3Ijt ×Disadi +Xitδ + εivjt (3.17)

Here, Disadi indicates whether household, i, is disadvantaged, or not. β1 and β3 are the
coefficients of interest. β1 is the impact of NREGS on privileged households, while β1 + β3

is the impact on disadvantaged households. β2 represents the impact of belonging to the
disadvantaged group on the outcome of interest.

3.5 Impact of NREGS

3.5.1 Consumption Expenditure and Livelihoods

I first look at the impact of NREGS on household consumption expenditures, and livelihoods
that household members engage in (Table 3.2). Consumption expenditures and livelihoods
data are available only for the 1998-99 and 2005-06 agricultural years. As a result, any
possible effects are driven by having access to the program from February to June, 2006.

Landless households have lower levels of per-capita consumption expenditures than land-
owning households; while SC/ST households do not have significantly lower consumption
expenditures than other households. I find that per capita household consumption expendi-
ture increased by 22 percent in households which received access to NREGS in 2006 (panel
A, Table 3.2). This is qualitatively similar to findings in N. Bose (2017), who finds a 10
percent increase in consumption expenditures, but the effect here is much larger in mag-
nitude. A reason for the difference between the two studies could be the different samples
studied; with survey differences contributing to differences in measured consumption. This
effect is larger for landless households (panel C), but unlike in N. Bose (2017), I find no
differential effects for SC/ST households (panel B). Landless households were most likely
to benefit from participating in NREGS since they are likely to earn less than land-owning
households during the agricultural season, and less likely to have savings to tide them over
the lean season. The differential results for landless households are consistent with this.

Both landless households, and SC/ST households, are less likely to have members partic-
ipate in cultivation, or self-employment (columns 2 and 3, panels B and C); and more likely
to have members participate in agricultural and non-agricultural casual wage labor (columns
4 and 5, panels B and C). This reflects the fact that households in both these groups (which
often overlap) are relatively disadvantaged. NREGS has no significant impacts on the likeli-
hoods of household members participating in any occupation (panel A). However, it appears
that landless households are differentially less likely to be engaged in cultivation. While it
is possible that landless households were less likely to lease in land to cultivate following the
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roll-out of NREGS, this result should be interpreted with caution since the program had
only been in operation for the lean season in 2005-06.

3.5.2 Household Borrowing

The survey consists of borrowing data for the years 1998-99, 2005-06, 2006-07, and 2007-
08, and I exploit the variation from all three phases of the NREGS roll-out to estimate
the impact of the program on household borrowing. 29 percent of households in untreated
districts borrowed in 2006 (Table 3.5), and landless households were significantly less likely
to have taken any loans when compared with land-owning households (panel C, Table 3.5,
Table 3.6). This is driven by borrowing in the agricultural season, and by institutional
lending (panel C, columns 10, 11). Since landless households are less likely to cultivate,
and institutional loans are most often for productive purposes, this is consistent with lower
borrowing for production — which we see in Table 3.3. While SC/ST households do not
appear to borrow significantly less overall, they are less likely to borrow from institutional
sources (panel B, Tabel 3.5), particularly for production (panel B, Tabel 3.3).

Unlike the predictions from the model, access to NREGS does not significantly impact
household borrowing overall (panel A, Table 3.5 and Table 3.6). However, heterogeneous
effects (panels B and C, Table 3.3) indicate that privileged households (land-owning or
non-SC/ST) reduce borrowing for production. While SC/ST households do not change
their borrowing for production, landless households borrow more for production.23 The
increase in borrowing for disadvantaged households is driven by borrowing from institutional
sources, with some increase in borrowing from moneylenders in the agricultural season. This
increase could either be due to an increase in demand, if disadvantaged households increased
participation in cultivation or non-farm self-employment; or it could be driven by an increase
in access to loans as NREGS switched to bank payments in phase 3 and more households
opened bank accounts. However, it is not possible to pin down this mechanism using the
data at hand. Finally, while landless households are more likely to borrow from friends or
relatives than land-owning households, NREGS does not impact such borrowing.

3.5.3 Interest Rates

Since the observed impact of NREGS on household borrowing does not match model predic-
tions, it is unlikely that the impacts on interest rates will coincide with predictions either.
Overall, as might be expected, landless and SC/ST households borrow at higher interest
rates on average. This likely reflects the fact that these households are only able to access
loans from sources which lend at higher rates (Khanna & Majumdar, 2018). Of primary
interest here is the impact that NREGS has had on informal loans, or loans from friends,
relatives and moneylenders. Results in Table 3.7 indicate no impact on interest rates for
such loans. However, it appears that landless households are able to get loans at lower inter-

23from a joint test of NREGS + NREGS × Disadvantaged = 0



68

Table 3.2: Consumption Expenditure and Livelihoods

Cons Exp Cult
Self-
Emp

Ag
Labor

Non-Ag
Labor

Sal

(log real |) (%) (%) (%) (%) (%)

(1) (2) (3) (4) (5) (6)

A: Main Effects

NREGS 0.22∗∗∗ 0.17 -0.83 2.37 -1.36 2.57
(0.06) (9.07) (3.12) (3.42) (3.70) (2.46)

Obs 10256 10258 10258 10258 10258 10258
Clusters 104 104 104 104 104 104

Mean |477.59 64.47% 20.46% 22.81% 22.84% 13.39%

B: Heterogeneous Effects by Caste

NREGS 0.23∗∗∗ -0.89 -0.80 1.24 -0.31 2.43
(0.07) (9.26) (3.60) (3.31) (3.72) (2.60)

SC/ST -0.05 -7.90∗∗ -9.17∗∗∗ 12.91∗∗∗ 14.37∗∗∗ -1.03
(0.03) (3.04) (1.86) (2.90) (3.25) (1.61)

NREGS
× SC/ST

-0.04 4.39 -0.11 4.73 -4.38 0.60

(0.05) (4.68) (3.92) (6.02) (4.56) (2.62)

Obs 10256 10258 10258 10258 10258 10258
Clusters 104 104 104 104 104 104

Mean |498.58 68.29% 22.05% 17.91 % 19.16% 13.77%

C: Heterogeneous Effects by Land-Ownership

NREGS 0.17∗∗ 6.28 0.08 0.48 -1.70 2.37
(0.07) (9.28) (3.81) (3.64) (3.16) (2.55)

Landless -0.10∗∗∗ -53.24∗∗∗ 2.40 31.10∗∗∗ 21.83∗∗∗ -3.10∗∗

(0.02) (2.57) (1.46) (2.61) (1.96) (1.22)

NREGS
× Landless

0.17∗∗∗ -18.02∗∗∗ -2.66 5.57 1.00 0.60

(0.04) (3.45) (3.04) (4.24) (4.19) (2.45)

Obs 10256 10258 10258 10258 10258 10258
Clusters 104 104 104 104 104 104

Mean |489.13 88.67% 20.30% 14.09% 14.55% 12.46%

Standard errors clustered at the district level level shown in parentheses. Coefficients
are from difference-in-differences specifications. All specifications control for village
fixed effects and land-ownership status. Regressions in Panel A control for caste.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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est rates from friends and relatives (column 4, panel B, significant at the 90 percent level).
Landless households also appear to get cheaper loans from institutional sources, accompa-
nying an increase in borrowing from such sources. At the same time, they appear to have
more expensive loans from self-help groups, again accompanying an increase in borrowing
from such sources.

These effects should, however, be interpreted with caution since they are driven by very
few observations. These effects also reflect any changes in selection into borrowing that
might have occurred as a result of the program. Given changes in borrowing on the extensive
margin, the types of households that continue to borrow from various sources after the roll-
out of the NREGS program are likely different. I lack the data to address selection into
borrowing from different sources. However, to look at market level changes, I turn to village
level interest rates. Though point estimates of the impact of NREGS on village interest
rates (in Table 3.8) are positive, none of the estimates are statistically significant. However,
village interest rates are only available for the years 1999 and 2006, with 1999 interest rates
being retrospectively recorded in 2006. Due to this, and the lack of power given the small
number of observations, it is not clear how one might interpret these results.

3.6 Discussion and Conclusions

Quantitative and qualitative studies of the impacts of the National Rural Employment Guar-
antee Scheme have demonstrated that the program improved the lives of the rural poor in
India, when implemented well. However, it has been unclear whether the program has helped
reduce the hold that informal moneylenders have over local credit markets, and therefore
over the lives of the rural poor. Bell and Mukhopadhyay (in press) provide evidence that
the program does impact household borrowing in Odisha — allowing households to borrow
less in lean seasons, and allowing cultivating households to borrow more during agricultural
seasons — without any observed impacts on informal interest rates. In this chapter, I add to
their analysis by looking at an all-India sample. I find that NREGS does increase household
consumption expenditure, but has no significant impacts on borrowing or on interest rates,
overall. The program does appear to help disadvantaged households borrow more, but I
do not find any seasonal effects as in Bell and Mukhopadhyay (in press). This should be
interpreted with a note of caution, however, given the relatively short exposure households
had to the program, and the lack of power to detect impacts on interest rates.
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Table 3.3: Loan Incidence (by Purpose)

Production (%) Consumption (%) Social/Celebrations (%) Consumption Assets (%)

Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Main Effects

NREGS -2.33 -2.15 -0.28 1.68 1.15 0.58 -0.19 -0.04 -0.10 -0.52 -0.25 -0.34
(1.88) (1.60) (0.61) (1.61) (1.00) (0.81) (0.42) (0.26) (0.28) (0.85) (0.58) (0.38)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean 11.95 7.86 4.28 11.03 6.16 5.16 2.41 0.93 1.51 4.81 2.22 2.78

B: Heterogeneous Effects by Caste

NREGS -3.31∗ -2.68∗ -0.74 1.98 1.22 0.80 -0.17 0.03 -0.13 -0.65 -0.31 -0.43
(1.93) (1.59) (0.63) (1.52) (0.95) (0.80) (0.44) (0.28) (0.30) (0.85) (0.58) (0.40)

SC/ST -5.52∗∗∗ -3.27∗∗∗ -2.37∗∗∗ 2.79∗ 1.47 1.32 0.36 0.24 0.18 0.14 0.27 -0.24
(1.07) (0.88) (0.50) (1.43) (0.97) (0.88) (0.48) (0.27) (0.37) (0.79) (0.49) (0.50)

NREGS
× SC/ST

5.02∗∗∗ 2.72∗∗ 2.38∗∗∗ -1.55 -0.35 -1.10 -0.11 -0.38 0.16 0.67 0.34 0.45

(1.34) (1.15) (0.55) (1.65) (1.09) (0.97) (0.53) (0.29) (0.40) (0.82) (0.55) (0.48)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean 13.47 8.74 4.93 10.38 5.92 4.80 2.20 0.82 1.38 4.77 2.10 2.86

C: Heterogeneous Effects by Land-Ownership

NREGS -4.64∗∗ -3.78∗ -1.00 1.86 1.16 0.88 -0.17 -0.09 -0.01 -0.52 -0.16 -0.41
(2.31) (1.97) (0.74) (1.45) (0.93) (0.76) (0.44) (0.28) (0.31) (0.74) (0.49) (0.36)

Landless -9.85∗∗∗ -6.90∗∗∗ -3.12∗∗∗ 3.70∗∗∗ 1.98∗∗∗ 2.29∗∗∗ 0.28 0.01 0.29 0.63 0.67 0.03
(1.60) (1.31) (0.58) (1.06) (0.66) (0.67) (0.41) (0.24) (0.35) (0.68) (0.51) (0.33)

NREGS
× Landless

7.57∗∗∗ 5.34∗∗∗ 2.38∗∗∗ -0.60 -0.05 -0.98 -0.07 0.15 -0.30 -0.00 -0.27 0.24

(1.65) (1.38) (0.58) (1.39) (0.86) (0.78) (0.43) (0.26) (0.38) (0.92) (0.68) (0.40)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean 16.25 10.77 5.75 9.85 5.63 4.33 2.30 0.88 1.42 4.64 1.92 2.87

Standard errors clustered at the district level level shown in parentheses. Coefficients are from difference-in-differences specifications. All specifications
control for village fixed effects and land-ownership status. Regressions in Panel A control for caste.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.4: Amounts Borrowed (by Purpose)

Production Consumption Social/Celebrations Consumption Assets
(’000, real |) (’000, real |) (’000, real |) (’000, real |)

Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Main Effects

NREGS -0.08 -0.08 -0.01 0.00 0.00 -0.00 -0.02∗ -0.01 -0.01 -0.01 -0.01 -0.01
-0.01

(0.06) (0.05) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean |330 |210 |120 |180 |100 |80 |60 |20 |40 |80 |40 |40

B: Heterogeneous Effects by Caste

NREGS -0.11∗ -0.09∗ -0.02 0.00 -0.00 -0.00 -0.02∗ -0.01 -0.01 -0.02 -0.01 -0.01
(0.06) (0.05) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

SC/ST -0.18∗∗∗ -0.10∗∗∗ -0.08∗∗∗ -0.00 -0.01 0.00 0.00 0.00 0.00 -0.02 -0.00 -0.02
(0.04) (0.03) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

NREGS
× SC/ST

0.15∗∗∗ 0.08∗∗ 0.07∗∗∗ 0.00 0.01 -0.01 0.00 -0.00 0.00 0.03 0.01 0.02∗∗

(0.04) (0.04) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean |370 |240 |140 |180 |100 |80 |60 |20 |40 |90 |40 |50

C: Heterogeneous Effects by Land-Ownership

NREGS -0.14∗∗ -0.12∗∗ -0.03 0.00 0.00 0.00 -0.02∗ -0.01∗ -0.01 -0.02 -0.01 -0.01
(0.07) (0.06) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

Landless -0.28∗∗∗ -0.20∗∗∗ -0.08∗∗∗ 0.03∗ 0.01 0.02∗ -0.01 -0.01 0.00 -0.02 0.00 -0.02∗

(0.05) (0.04) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01)

NREGS
× Landless

0.21∗∗∗ 0.15∗∗∗ 0.06∗∗∗ -0.00 0.00 -0.01 0.00 0.01 -0.01 0.02 -0.00 0.02∗

(0.05) (0.04) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean |450 |290 |160 |170 |100 |70 |60 |20 |40 |80 |40 |40

Standard errors clustered at the district level level shown in parentheses. Outcomes are not conditional on having borrowed, and include 0s when there is no
borrowing. Coefficients are from difference-in-differences specifications. All specifications control for village fixed effects and land-ownership status.
Regressions in Panel A control for caste. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.5: Any Loans Taken from Source?

All Loans (%) Friends & Relatives (%) Moneylenders (%) Institutional (%) Self-help groups (%)

Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

A: Main Effects

NREGS -1.24 -1.61 -0.14 0.02 0.18 -0.47 0.74 0.20 0.58 -0.55 -0.40 -0.16 -1.64 -1.62 -0.02
(3.30) (2.42) (1.45) (2.28) (1.52) (1.11) (0.80) (0.52) (0.44) (0.54) (0.34) (0.31) (1.49) (1.38) (0.29)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104 104 104 104

Mean 29.25 17.48 14.44 18.49 10.29 9.89 4.47 2.49 2.09 2.94 1.80 1.16 4.60 3.28 1.35

B: Heterogeneous Effects by Caste

NREGS -1.89 -1.95 -0.44 -0.20 0.04 -0.54 0.83 0.19 0.71∗ -0.89 -0.59 -0.31 -1.87 -1.67 -0.18
(3.29) (2.39) (1.47) (2.28) (1.51) (1.13) (0.78) (0.53) (0.42) (0.63) (0.39) (0.34) (1.46) (1.31) (0.34)

SC/ST -1.83 -0.92 -0.88 0.58 0.60 0.14 0.80 0.27 0.73 -1.86∗∗∗ -1.26∗∗∗ -0.61∗ -1.85∗∗ -0.92 -0.99∗∗∗

(1.90) (1.38) (1.04) (1.53) (0.97) (1.02) (0.88) (0.51) (0.55) (0.56) (0.37) (0.32) (0.77) (0.61) (0.29)

NREGS
× SC/ST

3.33 1.73 1.51 1.10 0.72 0.39 -0.42 0.05 -0.64 1.73∗∗∗ 0.98∗∗ 0.77∗∗ 1.15 0.30 0.84∗∗∗

(2.47) (1.75) (1.27) (1.83) (1.14) (1.16) (1.02) (0.64) (0.61) (0.61) (0.40) (0.34) (1.05) (0.92) (0.32)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104 104 104 104

Mean 29.71 17.84 14.56 18.21 10.12 9.73 4.44 2.60 1.94 3.38 2.14 1.28 5.06 3.45 1.64

C: Heterogeneous Effects by Land-Ownership

NREGS -2.93 -3.03 -0.46 -0.05 0.06 -0.31 0.51 -0.11 0.62 -1.17∗ -0.82∗ -0.37 -2.56 -2.29 -0.28
(3.37) (2.55) (1.44) (2.13) (1.43) (1.07) (0.80) (0.53) (0.43) (0.70) (0.45) (0.37) (1.85) (1.72) (0.37)

Landless -3.76∗∗∗ -3.69∗∗∗ -0.10 2.80∗∗ 1.22 2.05∗∗∗ -0.69 -0.57 -0.23 -2.69∗∗∗ -1.88∗∗∗ -0.83∗∗∗ -3.96∗∗∗ -2.85∗∗ -1.13∗∗∗

(1.35) (1.21) (0.80) (1.11) (0.97) (0.77) (0.59) (0.36) (0.36) (0.59) (0.42) (0.27) (1.19) (1.10) (0.33)

NREGS
× Landless

5.53∗∗∗ 4.64∗∗∗ 1.04 0.22 0.40 -0.52 0.77 1.01∗∗ -0.10 2.03∗∗∗ 1.36∗∗∗ 0.69∗∗ 3.00∗∗ 2.19∗ 0.85∗∗

(1.77) (1.46) (0.87) (1.49) (1.20) (0.80) (0.68) (0.42) (0.45) (0.60) (0.42) (0.29) (1.29) (1.18) (0.35)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104

Mean 31.38 19.43 14.83 18.05 10.23 9.43 4.83 2.72 2.26 3.79 2.45 1.38 6.28 4.52 1.80

Standard errors clustered at the district level level shown in parentheses. Coefficients are from difference-in-differences specifications. All specifications control for village fixed effects and land-
ownership status. Regressions in Panel A control for caste. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.6: Amounts Borrowed from Source

All Loans (’000, real, |) Friends & Relatives (’000, real, |) Moneylenders (’000, real, |) Institutional (’000, real, |) Self-Help Groups (’000, real, |)

Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

A: Main Effects

NREGS -0.12 -0.10 -0.03 -0.05 -0.03 -0.03 -0.00 -0.01 0.00 -0.03 -0.02 -0.01 -0.04 -0.05 0.00
(0.08) (0.06) (0.03) (0.04) (0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.05) (0.04) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104 104 104 104

Mean |4060 |2190 |1870 |1130 |480 |640 |250 90 |160 |1680 |970 |710 |850 |540 |310

B: Heterogeneous Effects by Caste

NREGS -0.15∗ -0.11∗ -0.04 -0.06 -0.03 -0.03 -0.00 -0.01 0.01 -0.04 -0.03∗ -0.01 -0.05 -0.05 -0.00
(0.08) (0.06) (0.03) (0.04) (0.03) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.05) (0.04) (0.01)

SC/ST -0.19∗∗∗ -0.11∗∗∗ -0.08∗∗∗ -0.06∗∗ -0.03∗ -0.02 0.00 -0.00 0.01 -0.08∗∗∗ -0.05∗∗∗ -0.03∗∗ -0.06∗∗ -0.03 -0.03∗∗∗

(0.05) (0.03) (0.03) (0.03) (0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.01) (0.01) (0.03) (0.02) (0.01)

NREGS
× SC/ST

0.17∗∗∗ 0.10∗∗ 0.07∗∗ 0.07∗∗ 0.04∗∗ 0.02 -0.00 0.00 -0.01 0.07∗∗∗ 0.04∗∗ 0.03∗∗∗ 0.04 0.01 0.03∗∗

(0.06) (0.04) (0.03) (0.03) (0.02) (0.02) (0.02) (0.01) (0.01) (0.02) (0.02) (0.01) (0.03) (0.03) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104 104 104 104

Mean |4630 |2510 |2130 |1220 |530 |690 |260 |100 |160 |2010 |1160 |850 |970 |590 |370

C: Heterogeneous Effects by Land-Ownership

NREGS -0.18∗∗ -0.14∗∗ -0.05 -0.05 -0.03 -0.03 -0.01 -0.01 0.00 -0.05∗ -0.04∗∗ -0.02 -0.08 -0.07 -0.01
(0.09) (0.07) (0.03) (0.04) (0.02) (0.02) (0.01) (0.01) (0.01) (0.03) (0.02) (0.02) (0.06) (0.05) (0.01)

Landless -0.25∗∗∗ -0.18∗∗∗ -0.08∗∗∗ 0.01 -0.01 0.01 -0.02∗∗ -0.01 -0.01∗∗ -0.11∗∗∗ -0.08∗∗∗ -0.03∗∗∗ -0.14∗∗∗ -0.10∗∗∗ -0.04∗∗∗

(0.05) (0.04) (0.02) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.02) (0.02) (0.01) (0.04) (0.03) (0.01)

NREGS
× Landless

0.22∗∗∗ 0.16∗∗∗ 0.07∗∗∗ 0.02 0.02 -0.00 0.02∗ 0.01∗ 0.01 0.08∗∗∗ 0.06∗∗∗ 0.03∗∗ 0.10∗∗ 0.07∗∗ 0.03∗∗

(0.05) (0.04) (0.02) (0.02) (0.02) (0.01) (0.01) (0.01) (0.01) (0.03) (0.02) (0.01) (0.04) (0.04) (0.01)

Obs 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854 16854
Clusters 104 104 104 104 104 104 104 104 104 104 104 104 104 104 104

Mean |4940 |2870 |2070 |1250 |520 |730 |310 |100 |210 |1990 |1350 |640 |1200 |760 |440

Standard errors clustered at the district level level shown in parentheses. Coefficients are from difference-in-differences specifications. All specifications control for village fixed effects and land-
ownership status. Regressions in Panel A control for caste. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.7: Interest Rates

All Loans (%) Friends & Relatives (%) Moneylenders (%) Institutional (%) Self-Help Groups (%)

Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean Total Non-Lean Lean

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15)

A: Main Effects

NREGS 3.96 8.55∗ 0.42 -2.85 -0.20 -10.47 -0.80 2.95 6.38 10.51 11.86 8.67 0.42 0.68 -0.39
(3.49) (4.42) (2.95) (3.81) (4.67) (7.91) (4.79) (6.46) (8.16) (6.50) (7.75) (6.16) (1.94) (2.96) (1.35)

Obs 1159 644 499 353 175 156 155 57 78 230 117 71 333 205 102
Clusters 78 68 60 42 34 28 28 14 24 41 25 19 43 36 20

Mean 21.68 20.15 24.11 32.66 35.41 31.96 35.46 36.23 34.47 14.73 15.08 16.23 11.25 10.49 12.70

B: Heterogeneous Effects by Caste

NREGS 4.58 9.04∗∗ 1.25 -2.73 1.01 -10.32 -0.18 -0.97 6.07 10.56 11.98 8.63 0.28 0.59 -0.32
(3.60) (4.34) (3.08) (4.37) (5.07) (8.31) (3.90) (4.60) (10.23) (6.52) (7.70) (6.19) (1.91) (3.02) (1.28)

SC/ST 5.47∗∗∗ 3.06 6.59∗∗ 5.91 5.32 7.80 1.67 -6.39 2.15 1.74 2.55 0.37 -0.67 -0.64∗∗∗ 0.73
(1.99) (2.14) (3.02) (3.76) (4.44) (7.20) (6.52) (4.87) (9.39) (1.25) (2.86) (1.87) (0.41) (0.23) (3.01)

NREGS
× SC/ST

-3.51 -2.88 -3.86 -0.46 -7.34 -0.35 -1.44 11.41 0.70 -0.53 -0.83 0.86 1.47 1.03 -1.81

(2.64) (2.68) (4.18) (4.43) (6.16) (8.82) (7.78) (6.47) (10.34) (1.39) (2.50) (1.75) (0.98) (1.59) (3.22)

Obs 1159 644 499 353 175 156 155 57 78 230 117 71 333 205 102
Clusters 78 68 60 42 34 28 28 14 24 41 25 19 43 36 20

Mean 21.02 20.16 22.47 32.39 36.00 30.42 34.52 36.24 32.29 14.89 15.12 16.64 11.88 11.37 12.64

B: Heterogeneous Effects by Land-Ownership

NREGS 4.85 9.31∗∗ 0.85 -0.79 2.47 -8.66 1.04 2.23 7.76 10.58 12.49 9.84 0.29 0.36 -0.49
(3.52) (4.38) (2.94) (3.80) (4.85) (7.56) (4.56) (5.41) (11.20) (6.54) (7.70) (7.27) (1.96) (2.90) (1.30)

Landless 11.98∗∗∗ 13.92∗∗∗ 9.49∗∗∗ 2.10 1.94 5.81 4.74 -6.90 1.50 2.89∗ 7.82∗∗∗ 1.97∗ -0.32 -1.61 -0.21
(1.88) (2.63) (2.50) (2.10) (3.75) (4.28) (3.77) (9.86) (12.94) (1.52) (2.21) (1.12) (1.11) (1.42) (1.63)

NREGS
× Landless

-4.52∗ -5.65 -1.64 -5.07∗ -6.82 -4.72 -8.32 10.23 -5.86 -1.59 -8.11∗∗ -5.39 2.79 10.38∗∗∗ 1.49

(2.56) (4.14) (3.82) (2.68) (5.17) (6.62) (5.72) (11.32) (11.85) (2.30) (3.75) (5.64) (2.12) (2.75) (2.17)

Obs 1159 644 499 353 175 156 155 57 78 230 117 71 333 205 102
Clusters 78 68 60 42 34 28 28 14 24 41 25 19 43 36 20

Mean 20.02 18.02 23.07 31.42 34.60 31.01 33.78 35.59 33.15 15.09 15.19 17.44 11.15 10.48 12.42

Standard errors clustered at the district level level shown in parentheses. Coefficients are from difference-in-differences specifications. All specifications control for village fixed effects and land-
ownership status. Regressions in Panel A control for caste. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3.8: Village Credit Markets

No. of
Lenders

Interest Rate

Money-
lenders

Informal Formal

(1) (2) (3) (4)

NREGS 0.05 2.37 7.25 1.88
(0.09) (3.04) (5.83) (1.63)

Obs 466 268 467 1787
Clusters 101 73 95 101

Mean 3.05 50.64% 43.86% 10.88%

Standard errors clustered at the district level shown in
parentheses. Coefficients are from difference-in-differences
specifications, with village fixed effects. All regressions
control for whether the panchayat head post has a reservation
for individuals from the SC/ST communities or for women.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix A

The Moneylender as Middleman:
Formal Credit Supply and Informal
Loans in Rural India

A.1 Additional Tables

Table A.1: Household Summary Statistics

Mean Median SD N

(1) (2) (3) (4)

Non-Agricultural HH 39 % 304471
Owns Land 90 % 304472
Owns Agricultural Land 26 % 304472
Scheduled Caste/Scheduled Tribe HH 36 % 304471
Any Loan? 59 % 304472
Any Loan from Moneylenders? 22 % 304472
Any Loan from Friends or Relatives? 15 % 304472
Any Loan from Institutions? 29 % 304472
Any Loan from Moneylenders (Reference period)? 9 % 304472
Any Loan from Friends or Relatives (Reference period)? 5 % 304472
Any Loan from Institutions (Reference period)? 9 % 304472
HH size 4.94 5.00 2.49 304471
No. of workers 1.94 2.00 1.24 304472

Data: NSS Debt and Investment Survey (2001-02, 2002-03, 2011-12, 2012-13)
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Table A.2: Summary Statistics - Household Credit

Mean Median SD N

(1) (2) (3) (4)

Outstanding Debt on the date of Survey (1990-91 Rs.)

Total 14648.96 4851.00 41091.08 173442
Moneylenders 11006.92 4400.00 23107.46 64410
Friends/Relatives 5665.42 2114.20 13655.80 42104
Institutions 17966.35 6494.84 49390.67 84177

Amount Borrowed from Moneylenders (1990-91 Rs.)

June - October 7271.22 3200.00 13438.97 10451
November - May 7659.31 3010.00 20273.10 16989
February - May 7706.03 3300.00 21516.03 11655

Amount Borrowed from Friends and Relatives (1990-91 Rs.)

June - October 5446.74 2000.00 14309.29 5633
November - May 5104.96 2000.00 11515.81 11231
February - May 4929.45 2000.00 11080.92 7843

Amount Borrowed from Institutions (1990-91 Rs.)

June - October 15905.84 6000.00 40333.77 10838
November - May 17279.89 7040.00 35791.41 18006
February - May 16762.18 7000.00 35052.45 12693

Interest Rates on Moneylender Loans

June - October 39.46 % 36.00 21.47 10097
November - May 40.69 % 36.00 23.03 17078
February - May 40.57 % 36.00 23.02 11648

Interest Rates on Institutional Loans

June - October 11.91 % 12.00 5.64 11910
November - May 10.83 % 12.00 5.72 19224
February - May 10.49 % 11.50 5.42 13307

Data: NSS Debt and Investment Survey (2001-02, 2002-03, 2011-12,
2012-13). Amounts borrowed and interest rates refer to values in the
reference year.
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Table A.3: Rainfall and District GDP

Agriculture Non-Agriculture Total

(1) (2) (3) (4) (5) (6)

Rainfall Shock 0.049∗∗∗ 0.025∗∗∗ 0.009∗∗ 0.004∗ 0.021∗∗∗ 0.010∗∗∗

(0.008) (0.007) (0.004) (0.002) (0.004) (0.003)

Obs 3925 3925 3925 3925 3925 3925
Clusters 463 463 463 463 463 463
State × Year FE no yes no yes no yes

Fixed Effects District, Year

Mean |74896.43 |284699.30 |359595.73

Data: Planning Commission - 1999 — 2007. Means are real values in 2004.
Notes: Unit of observation is a district-year. Regressions control for log of district population
in a given year. The rainfall shock is the standardized deviation of a district’s June-September
rainfall from its historical mean. Standard errors are clustered at the region-year level.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table A.4: Household Borrowing (Non-Monsoon)

Moneylenders Friends & Relatives Institutions Moneylender
Interest

(Any, %) Asinh real | (Any, %) Asinh real | (Any, %) Asinh real | % per year

(1) (2) (3) (4) (5) (6) (7)

Rainfall Shock 0.021∗∗ 0.233∗∗ 0.023 0.332 0.089∗∗∗ 0.996∗∗∗ 0.461
(0.008) (0.073) (0.063) (0.592) (0.011) (0.107) (2.458)

Obs 4317 4317 4317 4317 4317 4317 1125
Clusters 9 9 9 9 9 9 9

Fixed Effects District, State ×Year

Mean 24.36% |5729.59 18.50% |2103.75 8.62% |6736.23 29.27%

Data: ICRISAT Village Dynamics Studies Dataset. Monetary values are in 2010 |.
Unit of observation is a household in the non-monsoon season of a given year. Regressions control for caste, landholdings and
whether the household split from a parent household during the study period. The rainfall shock is the standardized
deviation of a district’s June-September rainfall from its historical mean. Standard errors are clustered at the district level.
Standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A.5: Household Consumption and Purchases of Durables (Non-Monsoon)

Consumption Expenditure (per capita) Any Durables Durables

Total Food Non-food Purchased? Expenditure

(log real |) (log real |) (log real |) (%) (asinh real |)

(1) (2) (3) (4) (5)

Rainfall Shock 0.050∗ 0.029∗∗∗ 0.072 0.126∗ 1.084∗

(0.024) (0.005) (0.042) (0.060) (0.483)

Obs 4195 4195 4195 4317 4317
Clusters 9 9 9 9 9

Fixed Effects District, State ×Year

Mean |1533.96 |688.08 |845.88 36.78% |14100.82

Data: ICRISAT Village Dynamics Studies Dataset. Monetary values are in 2010 |.
Unit of observation is a household in the non-monsoon season of a given year. Regressions control for
caste, landholdings and whether the household split from a parent household during the study period.
The rainfall shock is the standardized deviation of a district’s June-September rainfall from its
historical mean. Standard errors are clustered at the district level. Standard errors in parentheses.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A.6: Household Borrowing and Purchases of Durables (Non-Monsoon)

Moneylenders Friends & Relatives Institutions

(1) (2) (3)

Rainfall Shock 0.004 0.008 0.087∗∗∗

(0.009) (0.055) (0.009)

Any Durables 0.038∗∗ 0.065∗∗ 0.024
(0.015) (0.027) (0.014)

Rainfall Shock
× Any Durables

0.028∗ 0.016 -0.001

(0.012) (0.019) (0.009)

Obs 4317 4317 4317
Clusters 9 9 9

Fixed Effects HH, District, State ×Year

Mean
(Omitted Group)

20.15% 14.62% 6.30%

Data: ICRISAT Village Dynamics Studies Dataset.
Unit of observation is a household in the non-monsoon season of a given year.
Outcome is a dummy variable which takes a value of one when a household has
borrowed. Regressions control for caste, landholdings and whether the household
split from a parent household during the study period. The rainfall shock is the
standardized deviation of a district’s June-September rainfall from its historical
mean. Standard errors are clustered at the district level. Standard errors in
parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01



91

A.2 Additional Figures

Figure A.1: Moneylender Interest Rates, 2019
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Figure A.2: Moneylender Interest Rates, 2013 and 2019
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A.3 Proofs

A.3.1 Household Problem

Borrowing from Moneylenders

Consider a household with an exogenous endowment, θ. In the case where the household
chooses the optimal loan it would borrow from a moneylender, it maximizes the following
objective function:

maximize
c1, c2

Uml = u(c1) + d1{D = 1}+ β
[
u(c2) + d1{D = 1}

]
subject to c1 + p1{D = 1} = Rθ + bml,

c2 = Rθ − rbml,
bml ≥ 0,

Uml(Repay) ≥ Uml(Default),

Uml(Moneylender) ≥ Uml(Friends),

(A.1)

Case 1: D = 1

Uml(D = 1) ≥ Uml(D = 0)

First Order Condition:

u′(Rθ + bml − p) = rβu′(Rθ − rbml)

Second Order Condition:

u′′(Rθ + bml − p) + r2ββu′′(Rθ − rbml) < 0

Assumption 9. Utility function, u(·) = ln(·)
With u(·) = ln(·), this results in:

Rθ − rbml = rβ(Rθ + bml − p)

=⇒ b∗ml,D=1 =
(1− rβ)

r(1 + β)
Rθ +

rβ

r(1 + β
p

Case 2: D = 0

Uml(D = 1) < Uml(D = 0)

First Order Condition:

u′(Rθ + bml) = rβu′(Rθ − rbml)
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Second Order Condition:

u′′(Rθ + bml) + r2ββu′′(Rθ − rbml) < 0

With u(·) = ln(·), this results in:

Rθ − rbml = rβ(Rθ + bml)

=⇒ b∗ml,D=0 =
(1− rβ)

r(1 + β)
Rθ

Each household’s borrowing from moneylenders is thus,

b∗ml =
(1− βr)
r(1 + β)

Rθ + 1{D = 1} βr

r(1 + β)
p (A.2)

Household utility is:

=⇒ Uml(D = 1) = ln
[
Rθ +

((1− rβ)

r(1 + β)
Rθ +

rβ

r(1 + β)
p
)
− p
]

+
(
1 + β

)
d

+ β ln
[
Rθ − r

((1− rβ)

r(1 + β)
Rθ +

rβ

r(1 + β)
p
)
− p
]

=⇒ Uml(D = 1) = ln
[Rθ(1 + r)− rp

r(1 + β)

]
+ β ln

[βRθ(1 + r)− βrp
(1 + β)

]
+
(
1 + β

)
d

Uml(D = 1) =
(
1+β

)
ln
[
(1+r)Rθ−rp

]
+
(
1+β

)
d + β ln β −(1+β) ln(1+β)− ln r (A.3)

and,

=⇒ Uml(D = 0) = ln
[
Rθ +

(1− rβ)

r(1 + β)
Rθ
]

+ β ln
[
Rθ − r

((1− rβ)

r(1 + β)
Rθ
)]

=⇒ Uml(D = 0) = (1 + β) ln
[
(1 + r)Rθ

]
+ β ln β − (1 + β) ln(1 + β)− ln r (A.4)



94

Borrowing from Friends or Relatives

In the case where the household chooses the optimal loan it would borrow from friends or
relatives, I assume that the disutility, δ(θ) = δθ. The household maximizes the following
objective function:

maximize
c1, c2

Uf = u(c1) + β
[
u(c2)− δθ

]
subject to c1 = Rθ + bf ,

c2 = Rθ − bf ,
bf ≥ 0,

Uf (Repay) ≥ Uf (Default),

Uf (Moneylender) < Uf (Friends),

(A.5)

First Order Condition:
u′(Rθ + bf ) = βu′(Rθ − bf )

Second Order Condition:
u′′(Rθ + bf ) + βu′′(Rθ − bf ) < 0

With u(·) = ln(·), thisresultsin : Rθ − bf = β(Rθ + bf )

=⇒ b∗f,D=0 =
(1− β)

(1 + β)
Rθ

Each household’s borrowing from friends or relatives is thus,

b∗f =
(1− β)

(1 + β)
Rθ (A.6)

Household utility is:

Uf (D = 0) = ln
[
Rθ +

((1− β)

(1 + β)
Rθ
)]

+ β ln
[
Rθ −

((1− β)

(1 + β)
Rθ
]
− βδθ

=⇒ Uf (D = 0) = (1 + β) ln
[
2Rθ

]
+ β ln β − (1 + β) ln(1 + β)− βδθ (A.7)

Household Decisions

1. Uml(D = 0) ≥ Uf (D = 0)

(1 + β) ln
[
(1 + r)Rθ

]
+ β ln β − (1 + β) ln(1 + β)− ln r ≥
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(1 + β) ln
[
2Rθ

]
+ β ln β − (1 + β) ln(1 + β)− βδθ

⇐⇒
(
1 + β

)
ln

[
(1 + r)Rθ

2Rθ

]
≥ ln r − βδθ

This

⇐⇒ ln

[
(1 + r)

2

](1+β)

− ln r ≥ βδθ

⇐⇒ δθ ≤ (1 + β)

β
ln

[
2

1 + r

]
+

1

β
ln r

Let θ = δ−1
[

(1+β)
β

ln
[

2
1+r

]
+ 1

β
ln r
]
. So, households with an endowment, θ > θ borrow

from moneylenders (Proposition 1).

2. Uml(D = 1) ≥ Uml(D = 0)(
1 + β

)
ln
[
(1 + r)Rθ − rp

]
+
(
1 + β

)
d + β ln β + ln r − (1 + β) ln(1 + β)

> (1 + β) ln
[
(1 + r)Rθ

]
+ β ln β − (1 + β) ln(1 + β)− ln r

⇐⇒ ln
[(

1 + r
)
Rθ − rp

]
+ ln d > ln

[(
1 + r

)
Rθ
]

⇐⇒ ln
[ (1 + r)Rθ

(1 + r)Rθ − rp

]
< d

⇐⇒ (1 + r)Rθ
[
ed − 1] > edrp

⇐⇒ θ ≥ ed

(ed − 1)

r

(1 + r)

p

R

Thus, when borrowing from moneylenders, only households with an endowment, θ ≥
θ̂ = ed

(ed−1)
r

(1+r)
p
R

do so and purchase durables (Proposition 2).
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Total Demand

Thus, total demand for interest-bearing loans is (Proposition 3):

L∗ =

∫ θ̂

θ

b∗mlf(θ)dθ +

∫ θ̄

θ̂

b∗ml,df(θ)dθ

=⇒ L∗ =

∫ θ̂

θ

[(1− βr)
r(1 + β)

Rθ
]
f(θ)dθ +

∫ θ̄

θ̂

[(1− βr)
r(1 + β)

Rθ +
βr

r(1 + β
p
]
f(θ)dθ

=⇒ L∗ =

∫ θ̄

θ

[(1− βr)
r(1 + β)

Rθ
]
f(θ)dθ +

∫ θ̄

θ̂

[ βr

r(1 + β
p
]
f(θ)dθ

=⇒ R(1− rβ)

r(1 + β

(
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
)

+
βp

(1 + β)

[
F (θ̄)− F (θ̂)

]
(A.8)

and the total number of borrowers, NB = F (θ̄)− F (θ).

A.3.2 Moneylenders’ Problem

I consider NL risk-neutral moneylenders in a monopolistically competitive market. In the
symmetric case, each lender maximizes the following profit function by choosing r:

maximize
r

Π = rl +RB(K +G− l)− rBG

subject to l =
L

NL

,

rl +RB(K +G− l)− rBG = RB(K +G)− rBG

(A.9)

where L is obtained from the household problem above, i.e., 1
NL

[
R(1−rβ)
r(1+β

(
θ̄F (θ̄) − θF (θ) −

∫ θ̄
θ
F (θ)dθ

)
+ βp

(1+β)

[
F (θ̄)− F (θ)

]]
.

First-Order Condition:

L =
[
RB′(K +G− l)− r

]∂L
∂r

Zero-Profit Condition:

r
L

NL

= RB
(
K +G

)
−RB

(
K +G− L

NL

)
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Thus, in the symmetric equilibrium, each lender chooses an interest rate, r∗, that satisfies
(Proposition 4):

R(1− rβ)

r(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]

+
βp

(1 + β)

[
F (θ̄)− F (θ̂)

]
= (A.10)

[
RB′(K +G− l)− r

]{ −R
r2(1 + β

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]
−

R(1− rβ)

r(1 + β)
θf(θ)

dθ

dr
− βp

(1 + β)
f(θ̂)

dθ̂

dr

}

A.3.3 Comparative Statics

Exogenous Increase in R

1. Proof of Proposition 5:

Totally differentiating A.10 results in :

dR

{[
2RB′ −R2B

′′

NL

∂L

∂R
− r2β

][
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]
r(1 + r)+

βprθ̂

R

[(
r + r2 −R2B

′′

NL

∂L

∂R

)
f(θ̂) + (r −RB′)θ̂f ′(θ̂)

]
+
[
2RB′ −R2B

′′

NL

∂L

∂R
− r
]

[2 + (1 + β)(1 + r)r

2βδ

][
(1 + r)(1− rβ)θf(θ)

]}
=

dr

{
R
[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
][

(3 + 4r)r2β − (1 + 2r)RB′ +Rr(1 + r)
B′′

NL

∂L

∂r

]
+

R(r −RB′)(1− rβ)θf(θ)

2βδ

[
2 + (1 + β)(1 + r)(1 + 3r)

]
+

R(1 + r)(r −RB′)
2βδr

[
2 + (1 + β)(1 + r)r

2βδ

][
(1− rβ)(2 + (1 + β)(1 + r)r)

[
f(θ + θf ′(θ)

]
−2β2δrθf(θ)

]
+R(1+r)θf(θ)

[
2 + (1 + β)(1 + r)r

2βδ

][
(1−rβ)

(
1+R

B′′

NL

∂L

∂r

)
+RB′−r2β

]
−

βpr(2 + 3r)

[
F (θ̄)− F (θ̂)

]
+ βpθ̂f(θ̂)

[
(r −RB′) + r

(
1 +R

B′′

NL

∂L

∂r

)]
+
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p

[
(1 + β)(1 + r)r + 2

]
2δ

[
r(1 + r) + (r −RB′)

[
f(θ̂ + θ̂f ′(θ̂)

]]}

=⇒ dr

dR
=

{[
2RB′ −R2B

′′

NL

∂L

∂R
− r2β

][
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]
r(1 + r)+

βprθ̂

R

[(
r + r2 −R2B

′′

NL

∂L

∂R

)
f(θ̂) + (r −RB′)θ̂f ′(θ̂)

]
+
[
2RB′ −R2B

′′

NL

∂L

∂R
− r
]

[2 + (1 + β)(1 + r)r

2βδ

][
(1 + r)(1− rβ)θf(θ)

]}/
{
R
[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
][

(3 + 4r)r2β − (1 + 2r)RB′ +Rr(1 + r)
B′′

NL

∂L

∂r

]
+

R(r −RB′)(1− rβ)θf(θ)

2βδ

[
2 + (1 + β)(1 + r)(1 + 3r)

]
+

R(1 + r)(r −RB′)
2βδr

[
2 + (1 + β)(1 + r)r

2βδ

][
(1− rβ)(2 + (1 + β)(1 + r)r)

[
f(θ + θf ′(θ)

]
−2β2δrθf(θ)

]
+R(1+r)θf(θ)

[
2 + (1 + β)(1 + r)r

2βδ

][
(1−rβ)

(
1+R

B′′

NL

∂L

∂r

)
+RB′−r2β

]
−

βpr(2 + 3r)

[
F (θ̄)− F (θ̂)

]
+ βpθ̂f(θ̂)

[
(r −RB′) + r

(
1 +R

B′′

NL

∂L

∂r

)]
+

p

[
(1 + β)(1 + r)r + 2

]
2δ

[
r(1 + r) + (r −RB′)

[
f(θ̂ + θ̂f ′(θ̂)

]]}

When L = (RB′ − r)∂L
∂r

, and |RB′′

NL
| < 1;

=⇒ dr

dR
> 0

2. Proof of Proposition 6:

dL

dR
=
∂L

∂R
+
∂L

∂r

dr

dR
=
∂L

∂R
+

L(
RB′ − r

) dr
dR
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=⇒ dL

dR
=

(1− rβ)

r(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ

][
1 +

R

(RB′ − r)
dr

dR

]
+

βp

R(1 + β)

[
θ̂f(θ̂) +

R

(RB′ − r)
[
F (θ̄)− F (θ̂)

] dr
dR

]

I assume that

[
F (θ̄)−F (θ̂)

]
θ̂f(θ̂)

< 1. So, if
[
1 + R

(RB′−r)
dr
dR

]
≥ 0, then

[
θ̂f(θ̂) + R

(RB′−r)

[
F (θ̄)−

F (θ̂)
]
dr
dR

]
> 0 and dL

dR
> 0.

Consider
[
1 + R

(RB′−r)
dr
dR

]
.

[
1 +

R

(RB′ − r)
dr

dR

]
≥ 0

⇐⇒ βpθ̂f(θ̂)

[
1 +

(r −RB′)
r(1 + r)

( 2R

(1 + r)
− 1
)

+
(r −RB′)

r2

θ̂f(θ̂)

f(θ)

]
+

R(r −RB′)
(βδ)2r2

[
r(1− rβ)

[
f(θ) + θf ′(θ)

]((1 + β)(1 + r)

2
+

1

r

)2

−

θf(θ)

(
(1 + β)(1 + r) +

2

r
− (1− rβ)(1 + β)r

2
+

1(1− rβ)

r

)
βδ

]
≥

(
βp
[
F (θ̄)− F (θ̂)

])2[
B′′

NL

R

(1 + β)(RB′ − r)

]
+

βp
[
F (θ̄)− F (θ̂)

][
2 +

r

(r −RB′)
+

RB′′βpθ̂f(θ̂)

NL(1 + β)(r −RB′)

]
+[

R(1− rβ)

r(RB′ − r)(1 + β)

RB′′

NL

]
βp
[
F (θ̄)− F (θ̂)

][
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ

]
+

R(1− rβ)

r

[
θ̄F (θ̄)−θF (θ)−

∫ θ̄

θ

F (θ)dθ

][
1+

2(r −RB′)
r(1− rβ

+
r

(r −RB′)
+

RB′′βpθ̂f(θ̂)

NL(r −RB′)(1 + β)

]

Let

Φ =

{
βpθ̂f(θ̂)

[
1 +

(r −RB′)
r(1 + r)

( 2R

(1 + r)
− 1
)

+
(r −RB′)

r2

θ̂f(θ̂)

f(θ)

]
+

R(r −RB′)
(βδ)2r2

[
r(1− rβ)

[
f(θ) + θf ′(θ)

]((1 + β)(1 + r)

2
+

1

r

)2

−
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θf(θ)

(
(1 + β)(1 + r) +

2

r
− (1− rβ)(1 + β)r

2
+

1(1− rβ)

r

)
βδ

]}
−

{(
βp
[
F (θ̄)− F (θ̂)

])2[
B′′

NL

R

(1 + β)(RB′ − r)

]
+

βp
[
F (θ̄)− F (θ̂)

][
2 +

r

(r −RB′)
+

RB′′βpθ̂f(θ̂)

NL(1 + β)(r −RB′)

]
+[

R(1− rβ)

r(RB′ − r)(1 + β)

RB′′

NL

]
βp
[
F (θ̄)− F (θ̂)

][
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ

]
+

R(1− rβ)

r

[
θ̄F (θ̄)−θF (θ)−

∫ θ̄

θ

F (θ)dθ

][
1+

2(r −RB′)
r(1− rβ

+
r

(r −RB′)
+

RB′′βpθ̂f(θ̂)

NL(r −RB′)(1 + β)

]}

so, when Φ ≥ 0, dL
dR

> 0.

Exogenous Decrease in G

1. Proof of Proposition 7:

Totally differentiating A.10 with respect to r, and G results in:

dr

dG
= −

{[
1 +

RB′′

NL

∂L

∂r

]
∂L

∂G
−
(
r −RB′

) ∂2L

∂r∂G
−RB′′∂L

∂r

}/
{[

2 +
RB′′

NL

∂L

∂r

]
∂L

∂r
+
(
r −RB′

)∂2L

∂r2

}

=⇒ dr

dG
=

{[
1 +

RB′′

NL

∂L

∂r

][
R(1− rβ)

1(1 + β)
θ̄f(θ̄) +

βp

(1 + β)
f(θ̄)

]
dθ

dG
+

(r −RB′)
[
−R

r2(1 + β)
θ̄f(θ̄)

dθ

dG

]
+RB′′

[
R

r2(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
]

+

R(1− rβ)θf(θ)

r(1 + β)βδ

(
(1 + β)(1 + r)

2
+

1

r

)
+

βpθ̂f(θ̂)

(1 + β)r(1 + r)

]}/
{
R
[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
][

(3 + 4r)r2β − (1 + 2r)RB′ +Rr(1 + r)
B′′

NL

∂L

∂r

]
+

R(r −RB′)(1− rβ)θf(θ)

2βδ

[
2 + (1 + β)(1 + r)(1 + 3r)

]
+
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R(1 + r)(r −RB′)
2βδr

[
2 + (1 + β)(1 + r)r

2βδ

][
(1− rβ)(2 + (1 + β)(1 + r)r)

[
f(θ + θf ′(θ)

]
−2β2δrθf(θ)

]
+R(1+r)θf(θ)

[
2 + (1 + β)(1 + r)r

2βδ

][
(1−rβ)

(
1+R

B′′

NL

∂L

∂r

)
+RB′−r2β

]
−

βpr(2 + 3r)

[
F (θ̄)− F (θ̂)

]
+ βpθ̂f(θ̂)

[
(r −RB′) + r

(
1 +R

B′′

NL

∂L

∂r

)]
+

p

[
(1 + β)(1 + r)r + 2

]
2δ

[
r(1 + r) + (r −RB′)

[
f(θ̂ + θ̂f ′(θ̂)

]]}

I assume that RB′ > r2β, and so, dr
dG

< 0 and dr
d(−G)

> 0.

2. Proof of Proposition 8:

dL

dG
=
∂L

∂G
+
∂L

∂r

dr

dG

=⇒ dL

dG
=
∂L

∂G
+

L

(RB′ − r)
dr

dG

=⇒ dL

dG
=

{[
R(1− rβ)

1(1 + β)
θ̄ +

βp

(1 + β)

]
f(θ̄)

dθ̄

dG
+

βp

(1 + β)
f(θ̄)

dθ̄

dG

}
+

{
1

(RB′ − r)

[
R(1− rβ)

r(1 + β)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ

]
+

βp

(1 + β)

[
F (θ̄)− F (θ̂)

]] dr
dG

}

=⇒ dL

dG
=
R(1− rβ)

r(1 + β)

[
θ̄f(θ̄)

dθ̄

dG
− 1

(r −RB′)
[
θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ
] dr
dG

]
+

βp

(1 + β)

[
f(θ̄)

dθ̄

dG
− [F (θ̄)− F (θ̂)]

(r −RB′)
dr

dG

]

Here, if θ̄f(θ̄) dθ̄
dG
− 1

(r−RB′)

[
θ̄F (θ̄)−θF (θ)−

∫ θ̄
θ
F (θ)dθ

]
dr
dG

> 0, then f(θ̄) dθ̄
dG
− [F (θ̄)−F (θ̂)]

(r−RB′)
dr
dG

>

0 and dL
dG

> 0; and if f(θ̄) dθ̄
dG
− [F (θ̄)−F (θ̂)]

(r−RB′)
dr
dG

< 0, then θ̄f(θ̄) dθ̄
dG
− 1

(r−RB′)

[
θ̄F (θ̄)−θF (θ)−∫ θ̄

θ
F (θ)dθ

]
dr
dG

< 0, then and dL
dG

< 0.

Consider θ̄f(θ̄) dθ̄
dG
− 1

(r−RB′)

[
θ̄F (θ̄)− θF (θ)−

∫ θ̄
θ
F (θ)dθ

]
dr
dG

.
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Let A = (r−RB′)θ̄f(θ̄)

[θ̄F (θ̄)−θF (θ)−
∫ θ̄
θ F (θ)dθ]

Let A′ = f(θ̄) dθ̄
dG
− [F (θ̄)−F (θ̂)]

(r−RB′)
dr
dG

Let B = 2 L
(RB′−r) + (r −RB′)∂2L

∂r2 + RB′′

NL
( L

(RB′−r))
2

Let C =
[
(1 + RB′′

NL

L
(RB′−r))(

R(1−rβ)
r(1+β)

θ̄f(θ̄) + βp
(1+β)

f(θ̄))− (r−RB′)Rθ̄f(θ̄)r2(1+β)

]

I assume f(·) is such that A.B + C < 0 and A′.B + C < 0.

So, θ̄f(θ̄) dθ̄
dG
− 1

(r−RB′)

[
θ̄F (θ̄) − θF (θ) −

∫ θ̄
θ
F (θ)dθ

]
dr
dG

> 0 when dθ̄
dG

> RB′′L
(RB′−r)(AB+C)

or

| dθ̄
dG
| < | RB′′L

(RB′−r)(AB+C)
| = |Ψ1| and f(θ̄) dθ̄

dG
− [F (θ̄)−F (θ̂)]

(r−RB′)
dr
dG

< 0 when dθ̄
dG

< RB′′L
(RB′−r)(AB+C)

or

| dθ̄
dG
| > | RB′′L

(RB′−r)(A′B+C)
| = |Ψ2|

Exogenous Increase in R and Decrease in G

1. Proof of Proposition 9:

d2r

dRdG
=

d

dR

(
dr

dG

)
=

d

dR

(−{(1 + RB′′

NL

∂L
∂r

)
∂L
∂G

+ (r −RB′) ∂2L
∂r∂G

−RB′′ ∂L
∂r

}
{

2∂L
∂r

+ (r −RB′)∂2L
∂r2 + RB′′

NL

(
∂L
∂r

)2}
)

Let N = −
{(

1 +
RB′′

NL

∂L

∂r

)∂L
∂G

+ (r −RB′) ∂
2L

∂r∂G
−RB′′∂L

∂r

}

Let D = {2∂L
∂r

+ (r −RB′)∂
2L

∂r2
+
RB′′

NL

(∂L
∂r

)2}

=⇒ d2r

dRdG
=

1

D

[
∂N

∂R
− dr

dG

∂D

∂R

]
+

1

D

[
∂N

∂r
− dr

dG

∂D

∂r

]
dr

dR

Consider 1
D

[
∂N
∂R
− dr

dG
∂D
∂R

]
.

1

D

[
∂N

∂R
− dr

dG

∂D

∂R

]
=

1

D

{[−[θ̄F (θ̄)− θF (θ)−
∫ θ̄
θ
F (θ)dθ

]
r2(1 + β)

− θ2f(θ)

r2(1 + β)
+

(1− rβ)θ2f ′(θ)

r(1 + β)βδ

[
(1 + β)(1 + r)

2
+

1

r

]
+
βpθ̂[θ̂f ′(θ̂) + f(θ̂)]

Rr(1 + r)(1 + β)

][
−RB′′ −
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RB′′

NL

f(θ̄)

(1 + β)

dθ̄

dG

(
R(1− rβ)θ̄

r
+ βp

)
− r

(
1 +

RB′′

NL

L

(RB′ − r)

)
dr

dG

]
+

RB′′

NL

(
(1− rβ)

r(1 + β)
[θ̄F (θ̄)− θF (θ)−

∫ θ̄

θ

F (θ)dθ] +
βpθf(θ̂)

R(1 + β)

)(
−Rθ̄f(θ̄)

r(1 + β)

dθ̄

dG

−∂
2L

∂r2

dr

dG

)
− B′′

[
R +

L2

NL(r −RB′)2

dr

dG

]
+

[
RB′ + r2β − 2r

r2(1 + β)

]
θ̄f(θ̄)

dθ̄

dG
+

L.B′′(2R(1− rβ)θ̄ + βpr)

NL(1 + β)r(r −RB′)
f(θ̄)

dθ̄

dG
− (r −RB′) ∂3L

∂r2∂R

dr

dG

}

=⇒ 1

D

{[
1

R

(
L

(RB′ − r)
+
R(1− rβ)θf(θ)

r(1 + β)βδ

(
(1 + β)(1 + r)

2
+

1

r

)
+

βpθ̂f(θ̂)

(1 + β)r(1 + r)

)
−

θ2f(θ)

r2(1 + β)
+

(1− rβ)θ2f ′(θ)

r(1 + β)βδ

[
(1 + β)(1 + r)

2
+

1

r

]
+
βpθ̂[θ̂f ′(θ̂) + f(θ̂)]

Rr(1 + r)(1 + β)

][
−RB′′ −

RB′′

NL

f(θ̄)

(1 + β)

dθ̄

dG

(
R(1− rβ)θ̄

r
+ βp

)
− r

(
1 +

RB′′

NL

L

(RB′ − r)

)
dr

dG

]
+

RB′′

NL

([
L

R
− βp[F (θ̄)− F (θ̂)]

R(1 + β)

]
+

βpθf(θ̂)

R(1 + β)

)(
−Rθ̄f(θ̄)

r(1 + β)

dθ̄

dG
−

[
2L

(r −Rb′)
+

2Rθf(θ)

r(1 + β)βδ

(
(1 + β)(1 + r)

2
+

1

r

)(
1− r(1− rβ)

r

)
+

βpθ̂

(1 + β)r(1 + r)

(
−2r2f(θ̂)− θ̂f ′(θ̂)

r(1 + r)

)
− R(1− rβ)

r2(1 + β)β2δ2
[f(θ)+θf ′(θ)]

[
(1 + β)(1 + r)

2
−1

r

]2

−R(1− rβ)θf(θ)

2r3(1 + β)βδ
[(1+β)r2−2]

]
dr

dG

)
−B′′

[
R+

L2

NL(r −RB′)2

dr

dG

]
+

[
RB′ + r2β − 2r

r2(1 + β)

]

θ̄f(θ̄)
dθ̄

dG
+
L.B′′(2R(1− rβ)θ̄ + βpr)

NL(1 + β)r(r −RB′)
f(θ̄)

dθ̄

dG
−(r−RB′)

[
L

R(r −RB′)
− (1− rβ)θf(θ)

r(1 + β)βδ(
(1 + β)(1 + r)

2
+

1

r

)
+

βpθ̂

Rr(1 + r)(1 + β)

(
− f(θ̂) +

2[θ̂f ′(θ̂)(1− r)− rf(θ̂)]

r(1 + r)

)
+(

(1 + β)(1 + r)

2
+

1

r

)(
θf(θ)

r(1 + β)βδ

)(
− (1− rβ) +

2

r

)
− (1− rβ)

r(1 + β)βδ
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(
[f(θ) + θf ′(θ)]

βδ

(
(1 + β)(1 + r)

2
+

1

r

)2

+
θf(θ)

2r2
((1 + β)r2 − 2)

)
dr

dG

]}

=⇒

[
∂N

∂R
− dr

dG

∂D

∂R

]
< 0

=⇒ 1

D

[
∂N

∂R
− dr

dG

∂D

∂R

]
> 0

Consider 1
D

[
∂N
∂r
− dr

dG
∂D
∂r

]
dr
dR

.

∂N

∂r
− dr
dG

∂D

∂r
=

(
1+

RB′′

NL

L

(RB′ − r)

)(
2Rθ̄f(θ̄)

r2(1 + β)

dθ̄

dG
−3

dr

dG

)
+

2(r −RB′)Rθ̄f(θ̄)

r3(1 + β)

dθ̄

dG
+

RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
θ̄ +

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

]
∂2L

∂r2
− (r −RB′)∂

3L

∂r3

dr

dG

where

∂2L

∂r2
=

2L

(r −RB′)
+

2Rθf(θ)

r(1 + β)βδ

[
(1 + β)(1 + r)

2
+

1

r

][
1− r(1− rβ)

r

]
+

βpθ̂

(1 + β)r(1 + r)

[
−2r2f(θ̂)− θ̂f ′(θ̂)

r(1 + r)

]
− R(1− rβ)

r2(1 + β)β2δ2
[f(θ)+θf ′(θ)]

[
(1 + β)(1 + r)

2
+

1

r

]2

+

−R(1− rβ)θf(θ)

2r3(1 + β)βδ
[(1 + β)r2 − 2]

and

∂3L

∂r3
=

4L

r(RB′ − r)
+

βpθ̂

r2(1 + r)(1 + β)

[
4f(θ̂)− 2(2r + 1)

r(1 + r)2
[2rf(θ̂)− θ̂f ′(θ̂)] +

2f(θ̂)

(1 + r)
+

(2r − 1)θ̂f ′(θ̂)

r(1 + r)2
+

2rf(θ̂)

r(1 + r)2
− θ̂f ′(θ̂)

r(1 + r)2

]
+

Rθf(θ)

r(1 + β)βδ

[
r(1−rβ)

(
(1 + β)(1 + r)

2
+

1

r

)
−

4

r2

(
(1 + β)(1 + r)

2
+

1

r2

)
− (2rβ − 3)((1 + β)r2 − 2)

2r2
− (1 + β)(1− rβ)

]
+
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3R

r2(1 + β)

[f(θ) + θf ′(θ)]

β2δ2

[
(1 + β)(1 + r)

2
+

1

r

]2

−2R(1− rβ)f ′(θ)

r(1 + β)β3δ3

[
(1 + β)(1 + r)

2
+

1

2

]3

− R(1− rβ)

r(1 + β)β2δ2

[
(1 + β)(1 + r)

2
+

1

r

]
[θf ′(θ) + f(θ)]

[
2(1 + β)− 4

r2

]

So, 1
D

[
∂N
∂r
− dr

dG
∂D
∂r

]
dr
dR

> 0 provided:

χ = 2L

[
RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
+

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

]
+

2

r

]
+

Rθf(θ)

r(1 + β)βδ

[
2RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
+

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

][
(1 + β)(1 + r)

2
+

1

r

]
[

1− r(1− rβ)

r

]
− 4

r2

[
(1 + β)(1 + r)

2
+

1

r2

]
−(2rβ − 3)((1 + β)r2 − 2)

2r2
−(1+β)(1−rβ)

]
+

βpθ̂

r2(1 + r)(1 + β)

[
RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
+

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

][
−2r2f(θ̂)− θ̂f ′(θ̂)

r(1 + r)

]
−

(r−RB′)
[
4f(θ̂)− 2(2r + 1)

r(1 + r)2
[2rf(θ̂)−θ̂f ′(θ̂)]+ 2f(θ̂)

(1 + r)
+

2(r − 1)θ̂f ′(θ̂)

r(1 + r)2
+

2rf(θ̂)

r(1 + r)2

]]
+

R(1− rβ)θf(θ)

2r3(1 + β)βδ

[
−RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
+

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

]
[(1 + β)r2 − 2] +

(r −Rb′)
[

2r2f ′(θ)

β2δ2θf(θ)

(
(1 + β)(1 + r)

2
+

1

r

)3]]
+

R[f(θ) + θf ′(θ)]

r(1 + β)

[
−RB′′

[
1− 1

NL

(
R(1− rβ)

r(1 + β)
+

βp

(1 + β)

)
f(θ̄)

dθ̄

dG

][
(1− rβ)

rβ2δ2

]
[

(1 + β)(1 + r)

2
+

1

r

]2

− (r −RB′)
rβ2δ2

[
(1 + β)(1 + r)

2
+

1

r

]2

+
(r −RB′)(1− rβ)

β2δ2[
(1 + β)(1 + r)

2
+

1

r

][
R(1 + β)− 4

r2

]]
< 0
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2. Proof of Proposition 10:

d2L

dRdG
=

[
∂2L

∂R∂G
+

∂2L

∂r∂G

dr

dR

]
+

[
∂2L

∂R∂r
+
∂2L

∂r2

]
dr

dG
+
∂L

∂r

[
∂2r

∂R∂G
+

∂2r

∂r∂G

dr

dR

]

=
θ̄f(θ̄)

r(1 + β)

dθ̄

dG

[
(1− rβ)− R

r

dr

dR

]
+

L

(r −RB′)

[(
1

1

R
+ r

dr

dR

)
dr

dG
− d2r

dRdG

]
+

βpθ̂

Rr(1 + r)(1 + β)

[
2f(θ̂) + θ̂f ′(θ̂)− R[2r2f(θ̂) + θ̂f ′(θ̂)]

r(1 + r)

dr

dR

]
dr

dG
+

[
2Rθf(θ)

r(1 + β)βδ

[
(1 + β)(1 + r)

2
+

1

r

]
− R(1− rβ)

r2(1 + β)β2δ2

[
(1 + β)(1 + r)

2
+

1

r

]2

[f(θ+θf ′(θ)] −

R(1− rβ)θf(θ)

2r3(1 + β)βδ
[(1 + β)r2 − 2]

]
dr

dR

dr

dG

Let Ω = −L
[

2(r − 1)

(r −RB′)
+
RB′′

NL

(
2(r −RB′)− 1

r −RB′

)]
+

2βp

(1 + β)
[F (θ̄)−F (θ̂)− θ̂f(θ̂)] −

(r −RB′)

[
2Rθf(θ)

r(1 + β)βδ

(
(1 + β)(1 + r)

2
+

1

r

)(
1− r(1− rβ)

r

)
−

R(1− rβ)

r2(1 + β)β2δ2
[f(θ) + θf ′(θ)]

(
(1 + β)(1 + r)

2
+

1

r

)2

− R(1− rβ)θf(θ)

2r3(1 + β)βδ
[(1 +β)r2− 2] −

βpθ̂

(1 + β)r2(1 + r)2
[2r2f(θ̂) + θ̂f ′(θ̂)] +

2θ̂

Rr(1 + r)(1 + β)
[2f(θ̂) + θ̂f(θ̂)]

]

d2L
dRdG

> 0 when Ω > 0, and d2r
dRdG

> 0.
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Appendix B

Access to Finance, Empowerment and
Women’s Employment: Experimental
Evidence from Rural Bihar

B.1 Additional Tables

Table B.1: Summary Statistics and Randomization Balance at Baseline

Means Normalized
Differences

RI
p-value

Obs Control Treatment

Household Characteristics

SC/ST 8988 32% 32% -0.01 [0.877]
Land 8988 45% 44% -0.02 [0.648]
HH Size 8988 6.05 6.00 -0.03 [0.311]
Female HH Head 8988 14% 13% -0.04 [0.296]
SHG Member? 8988 4% 6% 0.10 [0.035]
Any Savings? 8988 38% 42% 0.08 [0.153]
Real Outstanding Debt 8988 13.39 12.16 -0.04 [0.207]
Productive Assets 8988 0.00 -0.05 -0.05 [0.184]
Consumption Assets 8988 0.00 0.02 0.03 [0.575]
Housing 8988 0.00 -0.02 -0.00 [0.955]
Consumption 8988 0.80 0.80 0.00 [0.967]
Attrition 8988 3% 3% 0.01 [0.763]

Men
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Men
Men

Labor Force Participation 14396 87% 89% 0.02 [0.498]
Self-Employment 14396 6% 7% -0.04 [0.485]
Cultivation 14396 30% 27% -0.04 [0.452]
Animal Husbandry 14396 2% 1% -0.03 [0.474]
Agricultural Labor 14396 24% 26% 0.06 [0.249]
Non-Agricultural Labor 14396 27% 29% 0.05 [0.398]
Salaried Work 14396 12% 11% -0.04 [0.469]
Works Outside Village 14396 48% 51% 0.03 [0.482]

Women

Labor Force Participation 13078 63% 63% -0.02 [0.794]
Self-Employment 13078 2% 1% 0.00 [0.960]
Cultivation 13078 24% 23% -0.02 [0.707]
Animal Husbandry 13078 7% 6% -0.02 [0.658]
Agricultural Labor 13078 29% 32% 0.03 [0.627]
Non-Agricultural Labor 13078 3% 2% -0.04 [0.311]
Salaried Work 13078 1% 1% 0.00 [0.959]
Works Outside Village 13078 3% 3% -0.02 [0.495]

Labor Say 8899 76% 74% -0.03 [0.657]
Borrow Say 8899 87% 84% -0.08 [0.360]
Daughter Work 5144 74% 73% -0.01 [0.859]
Daughter Not Work
After Marriage

3638 5% 7% 0.09 [0.334]

Non-Agricultural Wages

Men
Kharif 324 |135.00 |141.18 0.20 [0.135]
Rabi 321 |134.88 |141.75 0.22 [0.112]
Zaid 317 |134.88 |141.15 0.19 [0.170]

Women
Kharif 159 |103.89 |112.36 0.24 [0.203]
Rabi 158 |104.75 |112.73 0.22 [0.216]
Zaid 155 |104.26 |113.31 0.25 [0.173]

Men
Men
Men
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Agricultural Wages

Men

Kharif 244 |103.66 |103.69 -0.16 [0.285]
Rabi 292 |104.90 |101.40 -0.14 [0.197]
Zaid 219 |103.23 |96.70 -0.12 [0.459]

Women
Kharif 240 |84.30 |82.86 -0.16 [0.258]
Rabi 283 |85.69 |87.31 -0.01 [0.906]
Zaid 218 |83.60 |80.56 -0.11 [0.497]

* p < 0.10, ** p < 0.05, *** p < 0.01
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Table B.2: Change in Work Participation and Borrowing from SHGs

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Overall Effects

Time 2.51 0.29 -1.01∗∗∗ -5.24∗∗∗ -7.95∗∗∗ -8.72∗∗∗ -1.22 0.38 -0.23 0.72 0.89 0.47
(1.83) (1.60) (0.26) (0.79) (1.58) (1.32) (2.00) (0.48) (0.79) (0.54) (1.79) (0.59)

SHG Loan -7.13∗∗∗ -1.26 -0.16 0.02 3.27∗ 8.08∗∗∗ 8.03∗∗∗ -0.48 -1.08 -0.63 -2.75∗∗ -0.96∗

(2.30) (1.74) (0.45) (1.04) (1.83) (2.33) (2.16) (0.49) (1.03) (0.50) (1.31) (0.52)

Time ×
SHG Loan

4.75∗ 6.77∗∗∗ -0.15 -0.47 -1.62 -0.52 -3.18 1.05 1.36 1.20 1.05 0.17

(2.53) (2.27) (0.49) (1.10) (2.31) (2.13) (3.01) (0.82) (1.34) (0.97) (1.86) (0.66)

Obs 14307 13132 14307 13132 14307 13132 14307 13132 14307 13132 14307 13132
Clusters 89 89 89 89 89 89 89 89 89 89 89 89

Mean 27.28 22.89 1.25 5.95 25.68 32.18 28.88 1.81 6.75 1.44 10.86 1.29

B: Effect on non-SC/ST households

Time 2.35 -1.01 -0.91∗∗∗ -5.28∗∗∗ -7.18∗∗∗ -7.17∗∗∗ -1.91 -0.51 -0.28 0.23 0.48 0.95∗

(1.99) (1.88) (0.28) (0.88) (2.26) (1.61) (1.69) (0.48) (1.03) (0.45) (1.78) (0.48)

SHG Loan -6.87∗∗ -0.55 -0.08 1.97 0.79 3.76 7.72∗∗∗ 0.03 0.04 -0.31 -1.50 -0.75
(3.14) (2.72) (0.53) (1.49) (2.42) (2.66) (2.44) (0.91) (1.62) (0.80) (1.79) (0.48)

Time ×
SHG Loan

5.00 7.64∗∗ -0.21 -2.31 -0.24 -0.15 -3.73 0.10 1.74 2.44∗ 0.42 -0.34

(3.33) (3.12) (0.57) (1.55) (3.37) (2.38) (3.20) (1.01) (2.19) (1.32) (2.25) (0.75)

Obs 4303 3928 4303 3928 4303 3928 4303 3928 4303 3928 4303 3928
Clusters 86 86 86 86 86 86 86 86 86 86 86 86

Mean 32.32 25.66 1.21 6.44 18.96 20.61 25.38 1.60 8.48 1.75 11.32 0.98

C: Effect on SC/ST households

Time 3.92∗∗∗ 3.23∗∗ -0.57∗∗ -3.05∗∗∗ -9.99∗∗∗ -10.38∗∗∗ -1.32 1.30 0.16 0.12 -0.38 0.07
(1.28) (1.27) (0.24) (0.56) (1.70) (1.54) (1.93) (0.88) (0.48) (0.29) (1.45) (0.28)

SHG Loan -2.84∗∗ -1.44 -0.05 -0.36 1.39 3.71∗ 3.43∗∗ -1.24∗∗ -1.06∗ -1.19∗∗∗ -2.91∗∗ -0.43
(1.16) (1.12) (0.27) (0.64) (1.80) (1.95) (1.66) (0.52) (0.60) (0.39) (1.11) (0.39)

Time ×
SHG Loan

2.09 2.86∗ -0.03 -0.06 -2.42 -0.95 0.24 1.00 -0.32 0.22 3.51∗∗ 0.72∗

(1.62) (1.61) (0.34) (0.67) (2.38) (1.99) (2.42) (1.11) (0.67) (0.36) (1.53) (0.43)

Obs 10004 9204 10004 9204 10004 9204 10004 9204 10004 9204 10004 9204
Clusters 89 89 89 89 89 89 89 89 89 89 89 89

Mean 14.60 15.52 0.87 3.63 41.17 55.29 36.14 2.68 3.56 1.14 10.50 1.23

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from a linear regression of each outcome on an indicator for post-period,
an indicator having borrowed from a SHG, and the interaction of the two — using the pooled treated sample. Panel A presents results from full-sample weighted
regressions. Weights are inverse probability of sampling weights that are re-weighted to sum to one at the village level in order to re-constitute the caste
composition of the village. Panel B has results on the non-SC/ST sub-sample, without sampling weights. Panel C has results on the SC-ST sub-sample, without
sampling weights. All specifications control for strata dummies and baseline controls. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.3: Change in Work Participation and Savings though SHGs

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Overall Effects

Time 0.80 -2.92 -1.04∗∗∗ -4.74∗∗∗ -5.23∗∗∗ -7.30∗∗∗ -1.06 0.48 -0.47 1.00 0.74 0.26
(2.03) (1.92) (0.31) (0.84) (1.78) (1.58) (2.67) (0.55) (0.89) (0.74) (2.20) (0.80)

Any Savings? -7.28∗∗∗ -3.24∗ -0.02 1.12 7.77∗∗∗ 10.65∗∗∗ 7.84∗∗∗ 0.39 -1.13 0.20 -2.48 -1.13∗

(2.12) (1.87) (0.39) (1.03) (2.02) (2.28) (2.21) (0.50) (1.10) (0.49) (1.52) (0.59)

Time ×
Any Savings?

5.95∗∗ 9.91∗∗∗ -0.03 -1.24 -6.30∗∗∗ -3.14 -2.11 0.35 1.20 0.10 0.88 0.51

(2.53) (2.25) (0.45) (1.08) (2.14) (2.03) (3.39) (0.80) (1.24) (0.91) (2.27) (0.83)

Obs 14309 13133 14309 13133 14309 13133 14309 13133 14309 13133 14309 13133
Clusters 89 89 89 89 89 89 89 89 89 89 89 89

Mean 27.29 22.89 1.26 5.95 25.68 32.18 28.88 1.81 6.75 1.44 10.86 1.29

B: Effect on non-SC/ST households

Time -0.30 -4.21∗ -0.86∗∗∗ -4.48∗∗∗ -5.47∗∗ -6.38∗∗∗ -1.18 -0.34 -0.27 0.45 0.36 0.63
(2.08) (2.25) (0.30) (0.93) (2.46) (1.90) (1.99) (0.54) (1.18) (0.50) (1.99) (0.50)

Any Savings? -6.83∗∗∗ -3.18 0.25 2.60∗ 4.74∗∗ 7.10∗∗∗ 6.96∗∗∗ 0.77 -0.16 0.54 -0.88 -0.87∗

(2.56) (2.38) (0.46) (1.34) (2.32) (2.24) (2.26) (0.60) (1.35) (0.66) (1.72) (0.46)

Time ×
Any Savings?

8.45∗∗∗ 10.96∗∗∗ -0.23 -2.93∗∗ -3.89 -1.83 -3.59 -0.33 0.91 0.80 0.48 0.53

(2.93) (2.82) (0.54) (1.32) (2.86) (2.24) (3.07) (0.74) (1.68) (0.94) (2.19) (0.60)

Obs 4303 3928 4303 3928 4303 3928 4303 3928 4303 3928 4303 3928
Clusters 86 86 86 86 86 86 86 86 86 86 86 86

Mean 32.32 25.66 1.21 6.44 18.96 20.61 25.38 1.60 8.48 1.75 11.32 0.98

C: Effect on SC/ST households

Time 1.72 -0.05 -0.48 -3.00∗∗∗ -7.54∗∗∗ -7.37∗∗∗ -0.70 1.96 -0.32 0.19 -0.52 0.49
(1.48) (1.31) (0.32) (0.55) (1.96) (1.84) (2.35) (1.26) (0.64) (0.36) (1.67) (0.39)

Any Savings? -3.76∗∗∗ -3.44∗∗∗ 0.14 0.08 2.91 6.92∗∗∗ 5.02∗∗∗ -0.45 -1.51∗∗ -1.09∗∗ -2.82∗∗ -0.76∗

(1.41) (1.23) (0.32) (0.55) (1.87) (2.15) (1.88) (0.65) (0.70) (0.49) (1.34) (0.40)

Time ×
Any Savings?

4.76∗∗∗ 6.92∗∗∗ -0.19 -0.13 -5.35∗∗ -5.44∗∗ -0.90 -0.49 0.60 0.02 2.24 -0.24

(1.78) (1.62) (0.37) (0.57) (2.12) (2.14) (2.54) (1.37) (0.82) (0.38) (1.66) (0.45)

Obs 10006 9205 10006 9205 10006 9205 10006 9205 10006 9205 10006 9205
Clusters 89 89 89 89 89 89 89 89 89 89 89 89

Mean 14.61 15.54 0.89 3.63 41.16 55.27 36.14 2.68 3.56 1.14 10.49 1.23

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from a linear regression of each outcome on an indicator for post-period,
an indicator having saved with a SHG, and the interaction of the two — using the pooled treated sample. Panel A presents results from full-sample weighted
regressions. Weights are inverse probability of sampling weights that are re-weighted to sum to one at the village level in order to re-constitute the caste
composition of the village. Panel B has results on the non-SC/ST sub-sample, without sampling weights. Panel C has results on the SC-ST sub-sample, without
sampling weights. All specifications control for strata dummies and baseline controls. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.4: Consumption and Assets

Assets
Consumption Expenditure

’000 | per Adult Equivalent

Cons Prod House Total Food
Nutritious

Food

(1) (2) (3) (4) (5) (6)

A: Overall Impact of Jeevika

Jeevika 0.04 -0.02 -0.01 0.00 0.00 -0.00
(0.03) (0.02) (0.02) (0.02) (0.01) (0.00)

Obs 8987 8987 8987 8987 8987 8987
Clusters 179 179 179 179 179 179

Mean 0.00 -0.00 -0.00 1.12 0.72 0.19

B: Impact of Jeevika on non-SC/ST households

Jeevika 0.01 -0.06∗ -0.03 -0.01 -0.01 -0.00
(0.04) (0.03) (0.03) (0.03) (0.02) (0.01)

Obs 2525 2525 2525 2525 2525 2525
Clusters 174 174 174 174 174 174

Mean 0.22 0.12 0.10 1.20 0.75 0.20

C: Impact of Jeevika on SC/ST households

Jeevika 0.08∗∗∗ 0.01 0.02 0.01 0.01 0.00
(0.02) (0.01) (0.02) (0.02) (0.02) (0.00)

Obs 6462 6462 6462 6462 6462 6462
Clusters 178 178 178 178 178 178

Mean -0.38 -0.21 -0.21 1.00 0.68 0.18

Standard errors clustered at the panchayat and household level shown in
parentheses. Coefficients are from an ANCOVA specification — linear
regressions of each outcome on its value at baseline, and an indicator of
treatment status. Panel A presents results from full-sample weighted
regressions. Weights are inverse probability of sampling weights that are
re-weighted to sum to one at the village level in order to re-constitute
the caste composition of the village. Panel B has results on the non-SC/ST
sub-sample, without sampling weights. Panel C has results on the SC-ST
sub-sample, without sampling weights. All specifications control for strata
dummies and baseline controls. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B.2 Heterogeneous Treatment Effects, by Caste

Table B.5: Program Take-up and Household Borrowing

SHG Any Any loans taken? Outstanding Debt Interest

Member? Savings? (%) (’000 Rs.) Rate

(%) (%) SHG Informal All SHG Informal All (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Jeevika 43.71∗∗∗ 23.38∗∗∗ 25.09∗∗∗ -3.83∗ 3.33 1.92∗∗∗ -3.26∗∗∗ -2.31∗ -0.53∗∗∗

(2.32) (2.77) (1.90) (2.17) (2.23) (0.17) (1.14) (1.30) (0.10)

SC/ST 0.82 0.57 -1.33 4.27∗∗ 4.02∗∗ -0.01 -4.14∗∗∗ -5.30∗∗∗ 0.74∗∗∗

(1.51) (2.44) (0.96) (1.90) (1.90) (0.08) (1.14) (1.30) (0.10)

Jeevika × SC/ST 9.95∗∗∗ 6.78∗∗ 11.53∗∗∗ -2.50 0.04 0.34 0.37 1.79 -0.56∗∗∗

(2.52) (2.88) (2.11) (2.48) (2.50) (0.20) (1.44) (1.62) (0.13)

Obs 8851 8987 8987 8987 8987 8987 8987 8987 6805
Clusters 179 179 179 179 179 179 179 179 179

Mean 7.01 49.73 1.49 69.41 71.45 0.11 22.87 27.45 4.76

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA specification — linear regressions
of each outcome on its value at baseline, an indicator of treatment status, an indicator of caste status and the interaction between the two
— with inverse probability of sampling weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.6: Women’s Empowerment

Works Signature Read Signs Any Say in Daughter
Outside Decisions? (%) Work

(%) (%) (%) Labor Borrow (%)

(1) (2) (3) (4) (5) (6)

Jeevika 0.58 10.53∗∗∗ 3.05∗∗ 3.08 2.93 0.80
(0.41) (1.68) (1.38) (2.65) (2.90) (3.51)

SC/ST 1.20∗∗∗ -3.28∗∗ -0.49 6.20∗∗∗ 2.79 0.33
(0.40) (1.49) (1.29) (2.14) (2.15) (2.66)

Jeevika × SC/ST -0.84 4.47∗∗ -0.58 -5.01∗ -3.86 -4.53
(0.61) (1.98) (1.69) (2.99) (2.92) (3.83)

Obs 13376 8671 8671 8671 8671 3857
Clusters 179 179 179 179 179 179

Mean 1.45 37.20 19.32 88.20 92.12 73.35

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA
specification — linear regressions of each outcome on its value at baseline, an indicator of treatment status,
an indicator of caste status and the interaction between the two — with inverse probability of sampling
weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.7: Labor Force Participation

Labor Force Agri Non-Agri
Participation (%) Participation (%) Participation (%)

Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6)

Jeevika 2.70 3.05 2.65 1.37 3.05 1.70∗

(1.71) (2.42) (2.03) (2.27) (2.02) (0.91)

SC/ST 4.75∗∗∗ 16.47∗∗∗ 7.97∗∗∗ 14.31∗∗∗ 1.24 3.19∗∗∗

(1.47) (1.75) (1.68) (1.72) (1.78) (0.93)

Jeevika × SC/ST -4.32∗∗ -5.74∗∗ -6.48∗∗∗ -4.11 -1.65 -2.08∗

(1.85) (2.63) (2.34) (2.62) (2.44) (1.23)

Obs 14479 13376 14479 13376 14479 13376
Clusters 179 179 179 179 179 179

Mean 80.76 52.03 48.30 46.83 41.58 6.18

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA
specification — linear regressions of each outcome on its value at baseline, an indicator of treatment status,
an indicator of caste status and the interaction between the two — with inverse probability of sampling
weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.8: Participation by Occupation Type

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Jeevika 1.67 0.74 -0.26 -0.30 0.67 0.42 1.02 0.13 0.30 0.78∗ 2.64∗∗ 1.00∗∗∗

(1.96) (2.12) (0.17) (0.36) (1.65) (1.41) (1.73) (0.59) (0.96) (0.47) (1.23) (0.36)

SC/ST -2.81∗∗ -1.45 -0.09 -0.18 11.54∗∗∗ 15.50∗∗∗ 3.24∗ 2.31∗∗∗ -3.84∗∗∗ 0.04 2.82∗∗ 0.74∗

(1.42) (1.74) (0.24) (0.32) (1.36) (1.50) (1.78) (0.61) (0.81) (0.40) (1.22) (0.39)

Jeevika × SC/ST -1.12 -0.27 0.07 0.01 -5.07∗∗ -3.62∗ -0.19 0.03 -0.45 -1.10∗ -1.97 -0.98∗

(2.12) (2.41) (0.22) (0.41) (2.13) (2.01) (2.29) (0.84) (1.11) (0.59) (1.56) (0.53)

Obs 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376
Clusters 179 179 179 179 179 179 179 179 179 179 179 179

Mean 31.18 25.43 0.58 1.12 18.14 21.84 25.27 1.93 6.94 1.79 10.06 1.35

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an ANCOVA specification — linear regressions of each outcome on its value
at baseline, an indicator of treatment status, an indicator of caste status and the interaction between the two — with inverse probability of sampling weights.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B.3 Alternative Estimators: Simple Differences,

Difference-in-Differences

Table B.9: Program Take-up and Household Borrowing

SHG Any Any loans taken? Outstanding Debt Interest

Member? Savings? (%) (’000 Rs.) Rate

(%) (%) SHG Informal All SHG Informal All (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Panel A: Simple Differences

Overall Impact 46.59∗∗∗ 26.02∗∗∗ 28.36∗∗∗ -5.14∗∗∗ 3.36∗∗ 1.95∗∗∗ -3.66∗∗∗ -2.04∗∗ -0.70∗∗∗

(1.66) (1.91) (1.28) (1.41) (1.29) (0.10) (0.75) (0.88) (0.07)

Impact on
non-SC/ST HHs

44.33∗∗∗ 23.73∗∗∗ 26.31∗∗∗ -3.76∗∗ 3.93∗∗ 1.99∗∗∗ -3.54∗∗∗ -2.51∗∗ -0.47∗∗∗

(1.87) (2.42) (1.56) (1.87) (1.85) (0.14) (0.92) (1.12) (0.07)

Impact on
SC/ST HHs

53.80∗∗∗ 30.20∗∗∗ 36.82∗∗∗ -6.24∗∗∗ 3.57∗∗∗ 2.26∗∗∗ -2.99∗∗∗ -0.70 -1.09∗∗∗

(1.67) (1.72) (1.33) (1.13) (0.88) (0.11) (0.50) (0.54) (0.08)

Panel B: Difference-in-Differences

Overall Impact 44.63∗∗∗ 23.04∗∗∗ 27.27∗∗∗ -5.49∗ 3.18 1.82∗∗∗ -3.43∗∗ -1.11 -0.77∗∗∗

(2.47) (3.86) (1.71) (2.11) (2.06) (0.14) (1.20) (1.30) (0.12)

Impact on
non-SC/ST HHs

43.91∗∗∗ 21.38∗∗∗ 24.41∗∗∗ -5.57 2.36 1.81∗∗∗ -3.54∗ -1.93 -0.47∗∗∗

(2.53) (4.68) (2.03) (2.97) (2.88) (0.19) (1.49) (1.61) (0.11)

Impact on
SC/ST HHs

50.97∗∗∗ 27.24∗∗∗ 36.29∗∗∗ -7.81∗∗∗ 1.81 2.26∗∗∗ -2.58∗∗ -0.23 -1.21∗∗∗

(3.00) (3.71) (1.95) (1.60) (1.59) (0.16) (0.77) (0.83) (0.15)

Standard errors clustered at the panchayat level shown in parentheses. Coefficients in Panel A are from a simple difference specification,
with baseline controls and strata dummies. Coefficients in Panel B are from a difference-in-differences specification with household fixed
effects. Pooled overall regressions are weighted using inverse probability of sampling weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.10: Women’s Empowerment

Works Signature Read Signs Any Say in Daughter
Outside Decisions? (%) Work

(%) (%) (%) Labor Borrow (%)

(1) (2) (3) (4) (5) (6)

A: Simple Differences

Overall Impact -0.08 14.11∗∗∗ 3.12∗∗∗ -0.47 0.17 -2.53
(0.27) (0.98) (0.69) (1.24) (1.64) (1.73)

Impact on
non-SC/ST HHs

0.46 10.58∗∗∗ 3.08∗∗ -0.28 -0.55 -0.56
(0.28) (1.80) (1.36) (1.77) (2.06) (3.31)

Impact on
SC/ST HHs

-0.41 14.87∗∗∗ 2.69∗∗∗ -1.49 -0.10 -3.64∗∗

(0.38) (0.99) (0.67) (0.92) (1.26) (1.76)

Panel B: Difference-in-Differences

Overall Impact 0.88 13.00∗∗∗ 1.79∗ -0.87 0.32 -0.62
(0.54) (1.38) (0.92) (1.97) (2.41) (3.47) )

Impact on
non-SC/ST HHs

0.19 10.06∗∗∗ 1.90 -1.95 2.78 7.20
(0.67) (1.94) (1.66) (3.61) (3.50) (5.66)

Impact on
SC/ST HHs

1.18∗ 14.06∗∗∗ 1.65 -0.44 -0.72 -2.91
(0.70) (1.57) (1.07) (1.98) (2.43) (3.78)

Standard errors clustered at the panchayat level shown in parentheses. Coefficients in Panel A are from
a simple difference specification, with baseline controls and strata dummies. Coefficients in Panel B are
from a difference-in-differences specification with household fixed effects. Pooled overall regressions are
weighted using inverse probability of sampling weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.11: Labor Force Participation

Labor Force Agri Non-Agri
Participation (%) Participation (%) Participation (%)

Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6)

Panel A: Simple Differences

Overall Impact 0.92 2.43∗ -0.25 1.45 2.09 0.63
(1.29) (1.35) (1.48) (1.26) (1.37) (0.56)

Impact on
non-SC/ST HHs

2.38 3.67∗ 2.67 2.56 1.21 1.08
(1.50) (1.89) (1.69) (1.79) (1.56) (0.68)

Impact on
SC/ST HHs

-1.43∗∗ -2.14∗∗ -3.55∗∗ -2.11∗∗ 1.63 -0.53
(0.64) (0.91) (1.73) (1.04) (1.31) (0.74)

Panel B: Difference-in-Differences

Overall Impact -0.50 1.89 -1.40 -1.30 2.71 3.05∗∗

(1.18) (2.25) (2.47) (2.18) (2.20) (1.37)

Impact on
non-SC/ST HHs

-0.75 3.12 -0.52 -0.76 1.74 3.75∗∗

(1.58) (2.83) (2.77) (2.71) (2.38) (1.55)

Impact on
SC/ST HHs

-0.06 -0.45 -3.11 -2.14 1.84 1.70
(0.98) (1.59) (2.61) (1.78) (2.24) (1.20)

Standard errors clustered at the panchayat level shown in parentheses. Coefficients in Panel A
are from a simple difference specification,with baseline controls and strata dummies.
Coefficients in Panel B are from a difference-in-differences specification with household fixed
effects. Pooled overall regressions are weighted using inverse probability of sampling weights.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.12: Participation by Occupation Type

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

A: Simple Differences

Overall Impact 1.41 1.01 -0.39∗∗∗ -0.61∗∗ -2.08∗ 0.26 1.48 0.30 -0.61 0.55 1.65∗ 0.50∗∗

(1.29) (1.21) (0.11) (0.30) (1.18) (0.87) (1.08) (0.37) (0.58) (0.33) (1.00) (0.23)

Impact on
non-SC/ST HHs

1.38 0.75 -0.32∗∗ -0.41 0.84 1.64∗ 0.55 0.01 -0.29 0.79∗ 1.84 0.77∗∗

(1.67) (1.75) (0.14) (0.33) (1.31) (0.97) (1.25) (0.32) (0.83) (0.41) (1.14) (0.30)

Impact on
SC/ST HHs

0.98 1.15 -0.20∗ -0.23 -4.17∗∗ -2.89∗∗ 1.15 0.15 -0.04 -0.38 0.82 0.09
(0.99) (0.97) (0.11) (0.21) (1.67) (1.12) (1.28) (0.63) (0.40) (0.25) (1.03) (0.24)

Panel B: Difference-in-Differences

Overall Impact 1.82 0.85 0.09 0.39 -3.11 -2.03 -0.87 1.29∗∗ -0.31 1.14∗ 3.95∗∗ 0.36
(2.01) (2.02) (0.42) (1.04) (1.94) (1.61) (2.32) (0.61) (0.97) (0.61) (1.94) (0.56)

Impact on
non-SC/ST HHs

0.72 -0.74 0.20 1.42 -1.01 0.06 -2.23 0.24 -0.51 1.00 5.06∗∗∗ 1.06∗∗

(2.46) (2.69) (0.47) (1.22) (2.42) (2.00) (2.24) (0.62) (1.25) (0.69) (1.91) (0.50)

Impact on
SC/ST HHs

1.13 1.20 0.16 0.13 -4.03∗ -3.06∗ -0.74 1.66∗ 0.84 -0.07 1.03 -0.07
(1.60) (1.59) (0.29) (0.70) (2.25) (1.82) (2.46) (0.93) (0.61) (0.33) (1.85) (0.38)

Standard errors clustered at the panchayat level shown in parentheses. Coefficients in Panel A are from a simple difference specification, with baseline controls and
strata dummies. Coefficients in Panel B are from a difference-in-differences specification with household fixed effects. Pooled overall regressions are weighted using
inverse probability of sampling weights. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.13: Casual Labor Wages

Agricultural Non-Agricultural

ln (real |) ln (real |)

Men Women Pooled Men Women Pooled

(1) (2) (3) (4) (5) (6)

A: Simple Differences

Jeevika 0.18∗∗∗ 0.12∗∗ 0.21∗∗∗ 0.07∗ 0.22∗∗ 0.10∗∗

(0.06) (0.06) (0.06) (0.04) (0.10) (0.04)

Female -0.20∗∗∗ -0.34∗∗∗

(0.04) (0.07)

Jeevika × Female -0.12∗∗ 0.08
(0.06) (0.09)

Panel B: Difference-in-Differences

Jeevika 0.15∗ 0.06 0.15∗ -0.01 -0.03 -0.01
(0.08) (0.08) (0.08) (0.04) (0.10) (0.04)

Female -0.26∗∗∗ -0.37∗∗∗

(0.04) (0.06)

Jeevika × Female -0.07 -0.03
(0.07) (0.08)

Standard errors clustered at the panchayat level shown in parentheses. Coefficients in
Panel A are from a simple difference specification, with baseline controls and strata
dummies; while coefficients in Panel B are from a difference-in-differences specification
with panchayat fixed effects. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B.4 Main Results, unweighted

Table B.14: Program Take-up and Household Borrowing

SHG Any Any loans taken? Outstanding Debt Interest

Member? Savings? (%) (’000 Rs.) Rate

(%) (%) SHG Informal All SHG Informal All (%)

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Jeevika 50.81∗∗∗ 28.22∗∗∗ 33.33∗∗∗ -5.65∗∗∗ 3.33∗∗∗ 2.16∗∗∗ -2.96∗∗∗ -0.99∗∗ -0.95∗∗∗

(1.55) (1.67) (1.22) (1.05) (0.91) (0.10) (0.43) (0.48) (0.07)

Obs 8851 8987 8987 8987 8987 8987 8987 8987 6805
Clusters 179 179 179 179 179 179 179 179 179

Mean 7.01 49.73 1.49 69.41 71.45 0.11 22.87 27.45 4.76

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an unweighted ANCOVA
specification. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table B.15: Women’s Empowerment

Works Signature Read Signs Any Say in Daughter
Outside Decisions? (%) Work

(%) (%) (%) Labor Borrow (%)

(1) (2) (3) (4) (5) (6)

Jeevika -0.01 13.73∗∗∗ 2.63∗∗∗ -0.50 0.17 -2.63
(0.26) (0.80) (0.54) (1.21) (1.59) (1.75)

Obs 13376 8671 8671 8671 8671 3857
Clusters 179 179 179 179 179 179

Mean 1.45 37.20 19.32 88.20 92.12 73.35

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an
unweighted ANCOVA specification. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.16: Labor Force Participation

Labor Force Agri Non-Agri
Participation (%) Participation (%) Participation (%)

Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6)

Jeevika -0.29 -0.93 -1.84 -1.48 1.91∗ 0.25
(0.84) (1.08) (1.47) (1.06) (1.15) (0.54)

Obs 14479 13376 14479 13376 14479 13376
Clusters 179 179 179 179 179 179

Mean 80.76 52.03 48.30 46.83 41.58 6.18

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from
an unweighted ANCOVA specification. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table B.17: Participation by Occupation Type

Cultivation Animal Agri Non-Agri Self Salaried

Husbandry Labor Labor Employment Employment

Men Women Men Women Men Women Men Women Men Women Men Women

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

status 0.90 0.55 -0.21∗∗ -0.30 -2.84∗∗ -2.09∗∗∗ 0.88 0.15 -0.01 0.02 1.28 0.32∗∗

(0.97) (0.94) (0.09) (0.20) (1.33) (0.80) (1.00) (0.43) (0.41) (0.20) (0.83) (0.16)

Obs 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376 14479 13376
Clusters 179 179 179 179 179 179 179 179 179 179 179 179

Mean 31.18 25.43 0.58 1.12 18.14 21.84 25.27 1.93 6.94 1.79 10.06 1.35

Standard errors clustered at the panchayat level shown in parentheses. Coefficients are from an unweighted ANCOVA specification.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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B.5 Additional Figures
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Figure B.1: Labor Force Participation by Age
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Appendix C

Rural Employment Guarantees,
Household Borrowing and Rural
Credit Markets in India

C.1 Proofs

Proposition 15. Assuming households are risk neutral, or have low risk aversion, borrowers
of type L reduce the amount they borrow, bL.

Equation (15) above gave us the following expression

dbL

dw
=

{
− bL2

u′′(cL1 ) + βbLu′(cL2 )φ′(w) + βRLbL
2
u′′(cL2 )(1− φ′(w))

}
{
bL2u′′(cL2 ) + βu′(cL2 )φ(w) + βRLbL2ρu′′(cL2 )

}
Consider first, the numerator from the above expression, −bL2

u′′(cL1 ) + βbLu′(cL2 )φ′(w) +

βRLbL
2
u′′(cL2 )(1 − φ′(w)). Given CRRA preferences, we know that

∣∣∣∣u′′(cL1 )

u′(cL1 )

∣∣∣∣ =
γ

cL1
, and∣∣∣∣u′′(cL2 )

u′(cL2 )

∣∣∣∣ =
γ

cL2
.

=⇒

u′′(cL1 )

u′(cL1 )

u′′(cL2 )

u′(cL2 )

=
cL2
cL1

, which is ≤ 1 since cL2 ≤ cL1

=⇒ cL2
cL1
− (1− φ′(w)) < 0, since (1− φ′(w)) > 1
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=⇒ u′′(cL2 )

u′(cL2 )

{
cL2
cL1
− (1− φ′(w))

}
> 0, since

u′′(cL2 )

u′(cL2 )
< 0.

=⇒ RLbL
u′′(cL2 )

u′(cL2 )

{
cL2
cL1
− (1− φ′(w))

}
> 0, since RL > 0, bL > 0.

=⇒ φ′(w) < RLbL
u′′(cL2 )

u′(cL2 )

{
cL2
cL1
− (1− φ′(w))

}
, since φ′(w) < 0 by assumption.

=⇒ φ′(w) < RLbL
{
u′′(cL1 )

u′(cL1 )
− (1− φ′(w)).

u′′(cL2 )

u′(cL2 )

}
=⇒ φ′(w) +RLbL

{
(1− φ′(w)).

u′′(cL2 )

u′(cL2 )

}
< RLbL

u′′(cL1 )

u′(cL1 )

=⇒ βbL.φ′(w) + βRLbL
2
(1− φ′(w)).

u′′(cL2 )

u′(cL2 )
< βRLbL

2u′′(cL1 )

u′(cL1 )

=⇒ βbL.φ′(w) + βRLbL
2
(1− φ′(w)).

u′′(cL2 )

u′(cL2 )
< bL

2u′′(cL1 )

u′(cL2 )
, by the first order condition.

=⇒ βbL.u′(cL2 ).φ′(w) + βRLbL
2
.(1− φ′(w)).u′′(cL2 ) < bL

2
u′′(cL1 )

=⇒ -bL2u′′(cL1 ) + βbL.u′(cL2 ).φ′(w) + βRLbL
2
.(1− φ′(w)).u′′(cL2 ) < 0

=⇒ Numerator < 0
Consider next, the denominator from the above expression, bL

2
u′′(cL2 ) + βu′(cL2 )φ(w) +

βRLbL
2
ρu′′(cL2 ). This is greater than zero if and only if,

⇐⇒ bL2u′′(cL2 ) + βu′(cL2 )φ(w) + βRLbL
2
ρu′′(cL2 ) > 0

⇐⇒ u′′(cL1 )

u′(cL1 )
+

φ(w)

RLbL2 + ρ
u′′(cL2 )

u′(cL2 )
> 0

⇐⇒ φ(w)

RLbL2 > −
u′′(cL1 )

u′(cL1 )
− ρu

′′(cL2 )

u′(cL2 )

⇐⇒ φ(w)

RLbL2 > γ

[
1

cL1
+

ρ

cL2

]
⇐⇒

[
cL1 c

L
2

cL2 + ρcL1

]
φ(w)

RLbL2 > γ

Therefore, we see that if the co-efficient of relative risk aversion, γ <

[
cL1 c

L
2

cL2 + ρcL1

]
φ(w)

RLbL2 ,

then the denominator > 0, and
dbL

dw
< 0. However, if γ >

[
cL1 c

L
2

cL2 + ρcL1

]
φ(w)

RLbL2 , then the

denominator < 0, and
dbL

dw
> 0.

Proposition 16. Under certain conditions, borrowers of type H decrease the amount they
borrow, bH . However, the impact on these borrowers in general is ambiguous.
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We had equations (15) and (16):

dbH

dw
=
A.B − C.D
E.B − F.C

dxH

dw
=
E.D − F.A
E.B − F.C

where;

A = −u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)
bH

φ′(w)− βRH(1− p)φ′(w).[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )]

B = −u′′(cH1 )− β.p.u′(cH,p2 ).f ′′H(xH)− β.p(f ′(xH))2.u′′(cH,p2 )
C = −u′′(cH1 )− βRH .p.u′′(cH,p2 ).f ′(xH)
D = −u′′(cH1 )− β.p.f ′(xH).u′′(cH,p2 ).(1− p).φ′(w)

E = u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)φ(w)

bH2 + βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )]

F = u′′(cH1 ) + β.p.ρ.f ′(xH).u′′(cH,p2 )

We can see that C > 0, F < 0, B > 0, D > 0, since we have assumed that u′(·) > 0,
u′′(·) < 0, f ′i(·) > 0, f ′′i (·) < 0. Below, I use f(·), f ′(·), f ′′(·) in place of fH(·), f ′H(·), f ′′H(·)

We also know that u′(cH1 ) = βf ′(xH)pu′(cH,p2 ) = βRH [pu′(cH,p2 + (1 − p)u′(cH,w2 )] =⇒
pu′(cH,p2 )[f ′(xH)−RH ] = RH(1− p)u′(cH,w2 )

and, that, c

∣∣∣∣u′′(c)c′(c)

∣∣∣∣ = γ =⇒ u′′(c) = −γu
′(c)

c

Under the assumption of CRRA preferences, we see below that A > D > 0 if, and only if,

⇐⇒ -u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)
bH

φ′(w) − βRH(1 − p)φ′(w).[p.u′′(cH,p2 ) + (1 − p).u′′(cH,w2 )] >

−u′′(cH1 )− β.p.f ′(xH).u′′(cH,p2 ).(1− p).φ′(w)

⇐⇒ u′(cH1 )

RH
.
(1− p)
bH

φ′(w)−βRH(1−p)φ′(w).[p.u′′(cH,p2 )+(1−p).u′′(cH,w2 )] > −β.p.f ′(xH).u′′(cH,p2 ).(1−
p).φ′(w)

⇐⇒ u′(cH1 )

RH
.
(1− p)
bH

−βRH(1−p)[p.u′′(cH,p2 )+(1−p).u′′(cH,w2 )] > −β.p.f ′(xH).u′′(cH,p2 ).(1−
p)

⇐⇒ u′(cH1 )

RH
.
(1− p)
bH

−βRH(1−p)[p.u′′(cH,p2 )+(1−p).u′′(cH,w2 )] > −u′(cH1 )
u′′(cH,p2 )

u′(cH,p2 )
.(1−p)

⇐⇒ u′(cH1 )

RH
.
(1− p)
bH

−βRH(1−p)[p. −γ
cH,p2

u′(cH,p2 )+(1−p) −γ
cH,w2

u′(cH,w2 )] > u′(cH1 )
γ

cH,p2

.(1−p)
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⇐⇒ u′(cH1 )

RH
.
(1− p)
bH

+ βRH(1− p)γ[p.
u′(cH,p2 )

cH,p2

+ (1− p)u
′(cH,w2 )

cH,w2

] > u′(cH1 )
γ

cH,p2

.(1− p)

⇐⇒ u′(cH1 )

RHbH
+
βRHγ

cH,p2

[
u′(cH2 )

βRH
+ (1− p)u′(cH,w2 )

(
cH,p2 − cH,w2

cH,w2

)]
> u′(cH1 )

γ

cH,p2

⇐⇒ 1

RHbH
+
βRHγ

cH,p2

[
1

βRH
+ (1− p)u

′(cH,w2 )

u′(cH1 )

(
cH,p2 − cH,w2

cH,w2

)]
>

γ

cH,p2

⇐⇒ 1

RHbH
+ (1− p)βR

Hγ

cH,p2

u′(cH,w2 )

u′(cH1 )

(
cH,p2 − cH,w2

cH,w2

)
> 0

which is true, since all the terms are positive, and add up to a number larger than zero.

In order to see if the denominator is positive or negative, we need to to look at E. If E > 0,
the denominator in dbH

dw
is positive, and if E < F < 0, the denominator in dbH

dw
is negative.

First let us assume that E < F . This is true if, and only if:

⇐⇒ u′′(cH1 )+
u′(cH1 )

RH
. (1−p)φ(w)

bH2 +βRHρ[p.u′′(cH,p2 )+(1−p).u′′(cH,w2 )] < u′′(cH1 )+β.p.ρ.f ′(xH).u′′(cH,p2 )

⇐⇒ u′(cH1 )

RH
.
(1− p)φ(w)

bH2 + βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )] < β.p.ρ.f ′(xH).u′′(cH,p2 )

⇐⇒ u′(cH1 )

RH
.
(1− p)φ(w)

bH2 < β.p.ρ.f ′(xH).u′′(cH,p2 )− βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )]

⇐⇒ (1-p)φ(w) <
βRHBH2

ρ

u′(cH1 )

{
pf ′H(xH)u′′(cH,p2 )− pRHu′′(cH,p2 )− (1− p)RHu′′(cH,w2 )

}
⇐⇒ (1-p)φ(w) <

βRHBH2
ρ

u′(cH1 )

{
u′′(cH,p2 )[pf ′H(xH)−RH ]− (1− p)RHu′′(cH,w2 )

}
⇐⇒ (1-p)φ(w) <

βRHBH2
ρ

u′(cH1 )

{
−γ
cH,p2

u′(cH,p2 )[pf ′H(xH)−RH ] + (1− p)RH γ

cH,w2

u′(cH,w2 )

}
⇐⇒ (1-p)φ(w) < βRHBH2

ργ

{
−RH(1− p)

cH,p2

u′(cH,w2 )+RH(1−p)u
′(cH,w2 )

cH,w2

}
using the first

order conditions.

⇐⇒ φ(w) < βγRH2
BH2

ρu′(cH,w2 )

{
−1

cH,p2

+
1

cH,w2

}
⇐⇒ φ(w) < βγRH2

BH2
ρu′(cH,w2 )

{
cH,p2 − cH,w2

cH,p2 cH,w2

}
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⇐⇒ φ(w)cH,p2 cH,w2

βRH2BH2ρu′(cH,w2 )[cH,p2 − cH,w2 ]
< γ

⇐⇒ γ >
φ(w)cH,p2 cH,w2

βRH2BH2ρu′(cH,w2 )[cH,p2 − cH,w2 ]

Now, assume that E > 0. This is true if, and only if:

⇐⇒ u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)φ(w)

bH2 + βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )] > 0

⇐⇒ u′′(cH1 )

u′(cH1 )
+ (1− p) φ(w)

RHbH2 +
βRHρ

u′(cH1 )

[
pu′′(cH,p2 + (1− p)u′′(cH,w2 )

]
> 0

⇐⇒ −γ
cH1

+ (1− p) φ(w)

RHbH2 +
βRHρ

u′(cH1 )

[
p
−γ
cH,p2

u′(cH,p2 ) + (1− p) −γ
cH,w2

u′(cH,w2 )

]
> 0

⇐⇒ (1-p)
φ(w)

RHbH2 >
γβRHρ

u′(cH1 )cH,P2

{
u′(cH1
βRH

− (1− p)u′(cH,w2 ) + (1− p)y′(cH,w2

cH,p2

cH,w2

}
+
γ

c1

⇐⇒ (1-p)
φ(w)

γRHbH2 >
βRHρ

u′(cH1 )cH,P2

{
u′(cH1
βRH

− (1− p)u′(cH,w2 ) + (1− p)y′(cH,w2

cH,p2

cH,w2

}
+

1

c1

⇐⇒ (1-p)
φ(w)

γRHbH2 >
ρ

cH,p2

+
1

cH1
+

{
βRHρ(1− p)

cH,p2

u′(cH,w2

u′(cH1 )

(
cH,p2 − cH,w2

cH,w2

)
⇐⇒ (1-p)

φ(w)

γRHbH2 >
ρ

cH,p2

+
1

cH1
+

{
RHρ(1− p)

cH,p2

(f ′(xH)−RH)

f ′(xH)

(
cH,p2 − cH,w2

cH,w2

)}
⇐⇒ (1-p)

φ(w)

γRHbH2 >
RHρ(1− p)(f ′(xH)−RH)

f ′(xH)

[
cH,p2 − cH,w2

cH,p2 cH,w2

]
+

1

cH1
+

ρ

cH,p2

⇐⇒ (1-p)
φ(w)

γRHbH2 >
RHρ(1− p)(f ′(xH)−RH)

f ′(xH)

[
cH,p2 − cH,w2

cH,p2 cH,w2

]
+
cH,p2 + ρcH1
cH1 c

H,p
2

⇐⇒ (1-p)
φ(w)

γRHbH2 >

{
f ′(xH)[RHρ(1− p)cH1 c

H,p
2 + cH,p2 cH,w2 (cH,p2 + ρcH1 )]− ρRH2

(1− p)cH1 c
H,p
2

f ′(xH)cH,p2

2
cH,w2 cH1

}

⇐⇒ γ <
(1− p)φ(w)f ′(xH)cH,p2

2
cH,w2 cH1

RHbH2

{
f ′(xH)[RHρ(1− p)cH1 c

H,p
2 + cH,p2 cH,w2 (cH,p2 + ρcH1 )]− ρRH2(1− p)cH1 c

H,p
2

}
where the denominator is a positive number, since f ′(xH) ≥ RH .

Assume that

∣∣∣∣ u′(cH1 )

u′′(cH1 )

∣∣∣∣ > bH
∣∣∣∣ RHφ′(w)

− (1− p)
∣∣∣∣.

=⇒
∣∣∣∣ u′(cH1 )

u′′(cH1 )

∣∣∣∣ > ∣∣∣∣ bHRHφ′(w)
− (1− p)bH

∣∣∣∣
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=⇒
∣∣∣∣u′(cH1 )φ′(w)

∣∣∣∣ > ∣∣∣∣u′′(cH1 )bH(RH − (1− p)φ′(w))

∣∣∣∣
=⇒ u′(cH1 )φ′(w)

RHbH
< u′′(cH1 )

[
RH−(1−p)φ′(w)

RH

]
=⇒ u′(cH1 )φ′(w)

RHbH
+ u′′(cH1 )

[
−RH+(1−p)φ′(w)

RH

]
< 0

=⇒ C < 0

Similarly, if

∣∣∣∣ u′(cH1 )

u′′(cH1 )

∣∣∣∣ > bH
∣∣∣∣ RHφ′(w)

− (1− p)
∣∣∣∣ =⇒

∣∣∣∣ u′(cH1 )

u′′(cH1 )

∣∣∣∣ > bH since φ′(w) < 0.

=⇒ u′(cH1 ) > −bH .u′′(cH1 )
=⇒ u′(cH1 ) + bH .u′′(cH1 ) > 0
=⇒ u′(cH1 ).φ(w) + bH .u′′(cH1 ).φ(w) > 0

=⇒ u′(cH1 ).φ(w) + bH
2

(1−p) .(1− p).
φ(w)
bH

.u′′(cH1 ) > 0

=⇒ bH
2

(1−p) .[R
H − ρ].u′′(cH1 ) + u′(cH1 ).φ(w) > 0

=⇒ u′′(cH1 )

{
RHbH

2

(1−p) −
ρbH

2

(1−p)

}
+ u′(cH1 ).φ(w) > 0

=⇒ RHbH
2

(1−p) .u
′′(cH1 ) + βRH

2
bH

2
ρ

(1−p) .[pu′′(cH,p2 ) + (1− p)u′′(cH,w2 )] + u′(cH1 )φ(w) > 0

=⇒ RHbH
2
.u′′(cH1 ) + (1− p)u′(cH1 )φ(w) + βRH2

bH
2
ρ[pu′′(cH,p2 ) + (1− p)u′′(cH,w2 )] > 0

=⇒ u′′(cH1 ) +
u′(cH1 )

RH
. (1−p)φ(w)

bH2 + βRHρ[p.u′′(cH,p2 ) + (1− p).u′′(cH,w2 )] > 0
=⇒ E > 0

If C < 0, we know that A.B − C.D < 0, and if E > 0, we know that E.B − F.C > 0. This
implies that the derivative, dbH

dw
< 0 under the assumptions above. In other cases, the sign

of the derivative is ambiguous.


	Contents
	List of Figures
	List of Tables
	Acknowledgements
	The Moneylender as Middleman: Formal Credit Supply and Informal Loans in Rural India
	Introduction
	Background
	Theoretical Framework
	Data and Empirical Strategy
	Empirical Results
	Conclusion

	Access to Finance, Empowerment and Women's Employment: Experimental Evidence from Rural Bihar
	Introduction
	Background
	Experimental Design
	Empirical Strategy
	Effects of Jeevika
	Discussion and Conclusions

	Rural Employment Guarantees, Household Borrowing and Rural Credit Markets in India
	Introduction
	Background
	Theoretical Framework
	Data and Empirical Strategy
	Impact of NREGS
	Discussion and Conclusions

	References
	The Moneylender as Middleman: Formal Credit Supply and Informal Loans in Rural India
	Additional Tables
	Additional Figures
	Proofs

	Access to Finance, Empowerment and Women's Employment: Experimental Evidence from Rural Bihar
	Additional Tables
	Heterogeneous Treatment Effects, by Caste
	Alternative Estimators: Simple Differences, Difference-in-Differences
	Main Results, unweighted
	Additional Figures

	Rural Employment Guarantees, Household Borrowing and Rural Credit Markets in India
	Proofs




