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Abstract

This thesis features three closely linked essays in political economy of development. These all share
the following aspects: first, they are all set in the Indian state of Bihar: an important, poor, fast-
growing state in the north-east of the country; second, they study the role of village-level local govern-
ment officials in bringing about changes in economically important outcomes; third, they all study
the role of caste in mediating change; and fourth, they are econometrically linked in their dependence
on regression discontinuity design strategies to establish causal links. Taken together, these essays at-
tempt to shed light on the complex ways in which ethnically marginalized groups negotiate political
power.

In Chapter 1, we show that ethnic diversity adversely impacts public good provision, dispropor-
tionately affecting minority communities. While political representation could mitigate these effects,
successful delivery of public goods often depends on how well minority and majority representatives
collaborate. Using data from over 100,000 local politicians in India, we show that ethnic differences
cause breakdowns in collaboration. We use a regression discontinuity (RD) design to show that de-
livery of public goods suffers when ethnic minority (low caste) representatives govern under non-
minority (non-low caste) representatives. We then study an institutional innovation that can increase
collaboration. In our setting, local politicians can issue complaints to the higher bureaucracy under a
formal complaints technology. We show that ethnic minority representatives file over twice as many
complaints when exogenously paired with non-minority representatives. Does filing complaints im-
prove public good provision? We run a large field experiment involving 1629 minority representa-
tives in which we randomize offers to file complaints on their behalf regarding project implementa-
tion. Our intervention increases filing of complaints by 41 p.p and implementation of public works
projects by 24%, accounting for 60% of the initial gap in provision. Treatment has positive spillovers
on neighboring jurisdictions. Our results are consistent with a Nash bargaining model featuring two
politicians bargaining over project implementation in a setting with a costly complaints technology.

InChapter 2, we focus on how affirmative action policies affect inequality. We present evidence on
the effects of one such policy: mandated ethnic quotas in local government formembers fromminor-
ity groups, also known as “political reservation”. We use two natural experiments and bring to bear
multiple datasets from the Indian state of Bihar. These include secondary data on public goods from
across 45,000 villages, private assets from over 17 million rural households, political candidacy data
from nearly 96,000 local jurisdictions and a primary survey of over 8,000 households. Using a regres-
sion discontinuity design, we show that political reservation: (a) lowers inequality in access to public
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goods (b) lowers inter-group private asset inequality modestly in the short-run and more substan-
tially in the medium-run and (c) increases presence of minority-group members in local government
in themedium-run (even in the absence of reservation). However, we also provide suggestive evidence
of backlash by majority group members against the policy of reservation: using a second natural ex-
periment, we show that an increase in the quantum of reserved jurisdictions in their neighbourhood
makes minorities in non-reserved jurisdictions worse off.

In Chapter 3, we ask: How do affirmative action policies change the nature of interactions be-
tween majority and minority groups? Set in the Indian state of Bihar, this paper presents preliminary
evidence on the network impacts of one type of affirmative action policy: ethnic quotas in favour of
low-caste members, called “political reservation”. We show that exposure to low caste village heads
worsen stereotypes about caste-groups, with low caste members being seen as less trustworthy and
more likely to commit fraud. Using census data from over 40,000 households and network data from
over 11,000 households, we find that low castes interact more with their own-type in reserved areas.
While low caste households report better access to local public goods in the long run, we find limited
evidence of other effects on downstream outcomes.

iv



Contents

0 Introduction 1

1 SomethingtoComplainAbout: HowMinorityRepresentativesOver-
come Ethnic Differences 4
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5
1.2 Background and Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.3 A Simple Theory of Collaboration Breakdowns & Formal Complaints Systems . . 19
1.4 Data Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
1.5 Caste Differences & Public Good Provision . . . . . . . . . . . . . . . . . . . . 30
1.6 Caste Differences & Filing of Complaints . . . . . . . . . . . . . . . . . . . . . 46
1.7 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
1.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

2 The Distributional Consequences of Political Reservation 68
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
2.2 Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
2.3 Data Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
2.4 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
2.5 Impacts 5 years Later . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85
2.6 Impacts> 10 years Later . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
2.7 Some Evidence of Backlash Against Reservation . . . . . . . . . . . . . . . . . . 93
2.8 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

3 AffirmativeAction,Attitudes, andSocialNetworks: Evidencefrom
Caste-Based Reservation in India 98
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
3.2 Context . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102
3.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
3.4 Empirical Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106
3.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

v



4 Conclusion 122

Appendix A Appendix Chapter 1 125
A.1 Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
A.2 Model Assumptions Revisited . . . . . . . . . . . . . . . . . . . . . . . . . . . 140
A.3 Caste Differences with the upper-tiered bureaucrat (BDO) . . . . . . . . . . . . 143
A.4 Reservation Rule . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146
A.5 Spillovers and Backlash . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
A.6 Classifying Complaints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151
A.7 Sampling and Randomization for RCT . . . . . . . . . . . . . . . . . . . . . . 152

Appendix B Appendix Chapter 1 153
B.1 Additional Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153
B.2 Robustness Checks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

References 173

vi



Listing of figures

1.1 Panel 1.1(a) shows how introducing the formal complaints technology expands the
collaboration space from panel 1.2(a)’s baseline case. In particular, introduction of
the technology expands the collaboration space in two different manners: first, a
“threat” effect where the upper-tiered representative’s constraint slackens because
of the fear of filing complaints; second, a “direct” effect of filing a complaint and
that triggering collaborationwith probability p. Finally, panel 1.1(b) shows how the
collaboration space frompanel 1.1(a) shrinks somewhat because of caste differences.
Collaboration is affected in two ways – first, for those lower-tiered representatives
for whom the costs of complaining is too high, there is a direct negative impact on
collaboration. For those for whom the costs make it worth complaining, we see that
the threat effect shrinks and thus, complaining becomesmore likely. Note that these
are stylized representations and the actual effect sizes could vary depending on the
various parameter values. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

1.2 Panel 1.2(a) displays the range of effort costs where collaboration is feasible, assum-
ing each player obtains their fixed share of the surplus. Panel 1.2(b) shows how caste
differences reduces collaboration by tightening the upper-tiered representative’s col-
laboration constraints. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

1.3 Panel indicates our empirical strategy for measuring the impact of caste differences
between lower- and upper-tiered SC representatives. In the figure, all SC represen-
tatives are marked in red. Figure is for demonstrative purposes only. . . . . . . . . 31

1.4 Figure plots the impact of an upper-tiered representative’s seat being “reserved” for
SCs against the running variable. The running variable is normalized such that for
all values above 0,a GP has to be reserved as per the rule. . . . . . . . . . . . . . . 33

1.5 Figure implementsmanipulation testingprocedures using the local polynomial den-
sity estimators based on28. Robust standard errors are calculated. p value of differ-
ence in densities across the cut-off is 0.61 . . . . . . . . . . . . . . . . . . . . . . 36

1.6 Figure shows the impact of caste differences onprojects being undertaken in the first
year of the WAS schemes being fully in place. We cluster standard errors at the GP
level. CCT triangular bandwidths are used. . . . . . . . . . . . . . . . . . . . . 48

vii



1.7 Figureplots impact of the complaintfiling assistance treatmentonoutcomes. “Prob-
lem Solved” is a binary that captures whether the problem preventing projects from
starting at baseline had been resolved; “Project Started” is a binary that captures
whether projects had started; “Total Projects Started/To Start This Week captures
number of projects that have been started or are to start this week. Block fixed effects
are added. This graph plots outcomes based on our pre-specified regression equa-
tion: this includes GP-level controls, block fixed effects and unclustered standard
errors. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

1.8 Figure plots the impact of (a) our filing assistance treatment (b) our information
only treatment. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

2.1 Graph plots the probability of reservation based on the rank of a GP within a Block. The
last GP not to be reserved is given a rank 0 and the first GP to be reserved is ranked 1 and so
on. Therefore, all negative ranks correspond to GPs not to be reserved and positive ones to
GPs to be reserved. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

4.1 Figure plots average wealth percentile by surname for the most common 56 sur-
names in Bihar. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

A.1 Figure plots the probability of reservation based on the rank of a GP within a Block for
the elections of 2016. The last GP not to be reserved is given a rank 0 and the first GP to
be reserved is ranked 1 and so on. Therefore, all negative ranks correspond to GPs not to
be reserved and positive ones to GPs to be reserved. We keep all GPs reserved for OBCs
too, which explains the sharp drop in the probability of reservation above the cutoff (since
OBC reservation results in some top-ranked GPs in terms of SC population to be reserved
for OBCs). Panel B plots the probability of reservation based on the rank of a GP within a
Block for the elections of 2016, but we keep all GPs. . . . . . . . . . . . . . . . . . . 148

viii



ToChanchal Kumar Singh and others
whowere never givenwings
yet helped me fly

ix



Acknowledgments

The stereotypical PhD is a solitary experience: a lone scholar steeped in their research,
attempting to discover something new about the world. My own journey has been far removed from
this cliché. Looking back, my days have been populated by many wonderful people and innumerable
cups of piping hot tea. I have many people to thank and I write this section with some trepidation,
fearful of not having done justice to everyone.

I spoke to my parents –Sudha (Dr Sudha Vidyasagar) and Sagar (Dr M S Vidyasagar), both real
doctors and researchers – every other day (a practice that seems to be a hangover from school, where
I reported my day to them over lunch). My father followed this PhD keenly, initially curious about
my courses and then, once the thesis work began, I found in him the ideal non-economist sounding-
board: always attentive, quietly encouraging. In telling him my ideas, I found greater clarity. My
greatest regret is that I could never do the one thing he wanted me to achieve since the day I arrived
in the US: obtain an American driving license. My mother was the most profound influence in my
childhood, encouraging in me the ability to observe and document, a trait that has held me in good
stead as a researcher in the social sciences. For reasons I never fully understood, she never doubted
my ability to “figure things out” once I left home fourteen years ago: it has been a great source of
confidence. Growing up, I aspired most to be like my brother, (MV) Swaroop, who continues to
influence me deeply: as in the 24 years prior to the beginning of this PhD, his mind and his music
have remained fundamental in making me a better thinker. We have debated like academics all our
lives – perhaps time to actually collaborate on some ideas together!

My in-laws, Rita and Ravi Bamezai housed me for over two years, watching me at my keyboard,
vest-clad and pounding away on their dining table that I had colonised. This PhD would be impos-
sible if not for their boundless affection and my mother-in-law’s quiet humour, endless patience and
the delicious trio of anda curry, yellow paneer and dum aloo. My cousin Dipa Sinha and her husband
Himanshu taught me how to think about the world beyondmy own, taking me in when I was seven-
teen and never quite letting me go: their family of four (Tanay and Laya) andmy aunt Shantha Sinha,
shaped me to become the person I am.

I lost two grandfathers during the course of this PhD: I was named after both of them and their –
and my grandmothers’ – faith in my ability to achieve great heights was both daunting and inspiring.
My Thatha, Mr A. Krishnan, who himself had an M. A. in Economics from the 1940s, taught me
many things, one of which was to never take your qualifications too seriously: he meant the world to

x



me and I miss him deeply. Over the years, every conversation with my grandmother, Rajalakshmi, has
been one filled with joy and longing: I hope to talk to her for years to come.

Santhosh Mathew is the Albus Dumbledore to my Harry Potter: the man who watched over me
as I plodded along and seemed to magically appear at crucial times, removing obstacles, creating op-
portunities and influencing my ideas deeply. I am as grateful for his godfather-like presence this past
decade as I am excited about our collaboration for years to come.

An hour before my first job interview, I was at Asad Liaqat’s home, having him pick out one of his
ties and then tie it on me. He was interviewing at the same school in the slot after mine and yet there
hewas, making sure the damn thingwas perfectly aligned. In graduate school, we took the same fields,
had the same examiners, shared two advisers and had identical research agendas: I learnt somuch from
him and not merely about negotiating the peculiarities of American life.

Niharika Singh and I met under rather unconventional circumstances even before I had arrived
at Harvard, but her constant company over the years – and her ability to call out bad ideas – has
contributed greatly to my research. Her work with theHarvard Graduate Students’ Union was inspi-
rational. I am proud to call Niha and Asad my friends.

My brother once said that the greatest thing about theCarnaticmusical prodigyMandolin Srinivas
was that he arrived on the scene a fully formed musician. Gautam Rao – who started as Assistant
Professor the year after I started graduate school – arrived a fully formed adviser. He knew exactly
what to say andwhen. It takes great wisdom to resist the temptation to do your student’s thinking for
him. He mostly watched me go about my thesis and on the few occasions he said something definite,
it changed the direction of my work, always for the better. He also offered to find and tie me a tie for
my first job interview – an offer I rejected because Asad told me to show up at his place instead.

The week he was awarded the Nobel in Stockholm, Abhijit Banerjee wrote me an email that began
thus: “I heard back from five places where four sounded interested”. I was amazed: this was one
of the most important weeks of his academic career and he was still sending out persuasive emails
to universities regarding his student during job market season. He often served as my only physical
connect (“Are you in Delhi?” – would be a typical email he would send out on his visits to India) to
Cambridge in my years in India. I only wish I won more at table tennis with him.

Asim Khwaja is brilliant, kind and funny. One time he caught me staring at the oncoming traffic
fromHarvard Square and said: “Aise dekhte rahoge to naukri nahi milegi” (“You’re not getting a job
by just staring into the distance”). I will cherish the many wonderful conversations we had, mostly
featuring me desperately trying to keep up with the pace of his thoughts and the odd Urdu word that
would fly over my head.

Emily Breza brought deep insight, discipline and joy to a rather chaotic final two years of my PhD.
She repeatedly went out of her way to find me on Skype calls, nudging me in directions that were
invariably fruitful. She is the kindest economist going around.

Chinmaya Kumar is a long-term collaborator and dear friend. Chinmaya and I have worked to-
gether through this PhD and my research would be very different without his timely interventions.
His sister, Shruti and her family, hosted me in Patna on multiple occasions: I will always cherish their
warmth and the Sattu andGatte ki sabzi.

Brother (Siddharth)Hari – andAnusha – hostedme repeatedly, first inNewYork and then inDC.

xi



Hari’s parental concern for this PhD – and, evenmore so, the jobmarket paper – and his wry sense of
humour kept me in great spirits throughout. I carried his tie for my only job talk. Brother Tanmay’s
(Shukla) blazing intellect is only matched by his boundless warmth: his contributions to the JMP are
immense. I will miss our time in Cambridge/Boston together.

Siddharth George’s imprint is all over my research and he remains a contemporary whose career
I will follow most keenly. In him, I see many qualities I cherish and aspire towards: a thirst to serve
those less fortunate than oneself, a need to make life and work more joyous. I only wish he beats me
at table tennis more.

Arvind Subramanian taught me three things: one, to appreciate the importance of overcoming
my disdain for macroeconomics; two, to build and nurture a team: he remains the best boss I have
worked under; three, to never look down on persons who do not share your own beliefs. He created
and introduced me to a community that I cherish: Team CEA.

At theKennedySchool, I benefited immensely from interactingwithKunalMangal, PatrickBehrer
(thanks for all theOrange Pekoe tea!), Shefali Khanna (who very kindly housedme for a semester) and
my entire cohort, with whom I share a bond that I am sure will stretch beyond the Cambridge years.
The many kind souls at Oxford PolicyManagement let me use their office for no real reason: I hope I
can repay the debt I owe them in some way.

On my many visits to the Delhi School of Economics, I would benefit immensely from long chats
with Parikshit Ghosh and Rohini Somanathan, both of whom offered far more help than was ex-
pected. At the Indian Statistical Institute, AbhiroopMukhopadhyay was always ready to take me out
and talk to me, offering his views with great kindness. Tridip Ray and Mausumi Das also looked out
for me.

Variousparticipants at theDevelopmentSeminar,DevelopmentLunch (inparticular,RemaHanna
andMichael Kremer, who have been extremely supportive ofmywork) andDevelopment Tea atHar-
vard contributed to improving the quality of this research. I benefited from presenting this work at
various forums: at Indian Statistical Institute, the Delhi School of Economics, Oxford Policy Man-
agement (Thanks TomNewton-Lewis and Prabal Singh!) and IDinsight (ThanksRonaldAbraham!)
in India and conferences in the US.

If I ever missed home in Cambridge, I had family to rely on: Pavithra and Ajith (and now Maya
and Rohan!), who picked me from the airport when I would land, took me to innumerable dinners
and showed me Boston; Anand (Mamidipudi) – over a decade older than I am – is more contem-
porary than elder, brother than cousin. Our meetings are characterized by long conversations, many
arguments and a complete absence of ego. I have seen his children – Ananya andMihir – grow up to
become fine adolescents and teens. Prabha (Mohan) proof-readmy jobmarket paper and she andTapi
(Tapasvi Kaza) were always there tomakeme feel like what I didmattered. Krupa (Ge) – large-hearted
and warm – hosted me inMadras often and made sure every visit was memorable.

From family like friends, to friends like family: Nandini Gupta, Dhruv Sood, Utkarsh Saxena all
read my research and engaged with it. Kalyani Raghunathan read mutliple drafts of the job market
paper (JMP), offered fantastic comments: I am sure we will collaborate in the future. Rohit Chandra
and Shoumitro Chatterjee offered wise counsel at key points.

Over the years, I have workedwith somewonderful, dedicated scholars, who handledmany aspects

xii



of the research that has gone into this thesis: Bhanu Shikha,Manasi Rao, RakeshKumar, Ayush Patel,
Suraj Kumar, Neha Verma, Varun Kapoor, Piyush Tank andMeghna Yadav. Each one was special.

In addition, scholars and friends in India and the US have helped me along the years, in further-
ing my research and keeping me going: Anindita Adhikari (whose PhD I hope to be among the first
to read!), Samik Adhikari, Venu Aggarwal, Abhishek Anand, Abhishek Anicca, Saqib Ali, Anum
Suhail Bashir, Subhadra Banda, Chen, RitamChaurey,MoyaChin, RangeetGhoshDwijoGoswami,
Divya Gupta, Shabir Hassan, HS Hredai, Kaveri Iychettira, Radhika Jain, Gaurav Khanna, Roshan
Kishore, Anand Kothari, Japneet Kaur, Kriti Mittal, Meera Mahadevan, Rohan Mukherjee, Zubair
Noqvi, Boban Paul, Kapil Patidar, Yajna Sanguhan, Sanjay Kumar Singh, Sourav Sarkar, MV Srikr-
ishna, Vikram Srinivas and Nicole Tateosian.

Sanjay Sahni showedme a side of Bihar I would never have known and continues tomakeme hope
for the state’s future.

Various officials in the Government of Bihar have have been instrumental in furthering this re-
search, nonemore so thanMr Sanjeev at the State ElectionCommission in Bihar andMrRaghuvansh
at the Panchayati Raj Department.

Three institutions have been integral to this research: the Asian Development Research Institute
in Patna, which always welcomed me like one of their own; the IDFC Institute in Mumbai and its
sister office we set up in Patna has been incredible to work with: I am grateful to Reuben Abraham
for trusting us, PritikaHingorani for making every problem go away andNiranjan Rajyadhyaksha – a
giant in Indian economic policy thinking with amental sweep surpassed only by his outsizedmodesty
– for gently guiding us; and finally JPAL South Asia, which brought me to Bihar 8 years ago and
continues to house a lot of my work.

Chanchal Kumar Singh, to whom this PhD is co-dedicated is a dogged researcher, a warm friend, a
kind human being and a loyal teamman: without his ability to assemble research teams and get work
done I would have been at sea. I hope to repay him by ensuring he achieves his many dreams – both
academic and otherwise.

My PhD, therefore, was anything but solitary. However, the one anchoring centre among all
those people and experiences over the years has been my wife, Apurva Bamezai. For every somewhat-
thought-through word in this thesis, there are several poorly worded torrents of half-baked incoher-
ence that she bravely bore, rarely complaining. Her admiring scepticism both nurtured my academic
jaunts and kept me rooted. It is now my time to be the non-striker to her PhD and I can only hope
her expectations are not set by her own very high bar.

xiii



0
Introduction

One Wednesday in February 2019, while returning from my customary afternoon tea to the IDFC

Institute Office at the Asian Development Research Institute in Patna, I struck upon a wild idea. I

had been trying, somewhat unsuccessfully, to pursue two separate research agendas: first, to under-

stand how local government officials – especially from historically marginalized groups (lower castes)

– negotiated political power; and second, to see howBihar’s promising formal complaints’ technology

– a “grievance redressal system” that allowed citizens to complain against the state – could be used to
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improve responsiveness of local government officials. The thought that struckmewas to combine the

two: what if low caste members of local government themselves used the formal complaints system to

negotiate political power within government?

Chapter 1 of the dissertation deals precisely with that question. In it, we show that ethnic dif-

ferences – in this case caste divisions – between members of local government affects their ability to

collaborate and this affects public good provision, proving harmful for low caste jurisdictions. We

then show that an institutional innovation by the Bihar government – a formal complaints technol-

ogy – can mitigate these effects.

Since 2016 inBihar, implementationof keywater and sanitationpublic goods are largely to be done

by local government officials called ward representative, but funds are routed through the village head

(there are 14ward representatives for every villagehead). Thus, implementation requires collaboration

between the village head and the ward representative and the village head could potentially hold up

projects if they so wished. We use a combination of natural experiments and a large field experiment

we design and implement to show three broad results.

Our first result uses data from over 100,000 local politicians to show that low caste ward repre-

sentatives deliver an initial 29% fewer public goods under high caste village heads. Second, we show

that low caste ward representatives respond via appealing to the higher state via a formal complaints

technology – they file twice as many complaints regarding collaboration breakdowns when governing

under a high caste village head.

But, does filing complaints improve public good provision?

Our third result speaks to this question and is identified off a large field experiment we run in col-

laboration with the Government of Bihar across over 1600 low caste ward representatives where our

main treatment arm offered to file complaints on behalf of these representatives. Our endline surveys

show that filing complaints improves project initiation by 24%.

Taken together, these results have important implications for how we could think about the role
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that technology plays in overcoming issues in government and how that could impact the provision

of economically important public goods.

Chapter 2of thedissertation asks abroaderquestion: whathappens to inequality between lowcaste

and high caste members when affirmative action policies ensure that low caste members are elected

to government? The chapter relies on two natural experiments and brings to bear multiple datasets

from Bihar. These include secondary data on public goods from across 45,000 villages, private assets

from over 17 million rural households, political candidacy data from nearly 96,000 local jurisdictions

and a primary survey of over 8,000 households. Using a regression discontinuity design, the chapter

argues that such affirmative action polciies: (a) lower inequality in access to public goods (b) lower

inter-group private asset inequality modestly in the short-run and more substantially in the medium-

run and (c) increase presence of minority-group members in local government in the medium-run.

However, the chapter also provide suggestive evidence of backlash bymajority groupmembers against

such policies: using a second natural experiment, the chapter shows that an increase in the quantum

of reserved jurisdictions in their neighbourhoodmakes minorities in non-reserved jurisdictions worse

off.

Chapter 3 shows a series of preliminary results on how the social network of villages change upon

the advent of a lowcaste village head. Set oncemore inBihar, we show that exposure to lowcaste village

heads worsen stereotypes about caste-groups, with low caste members being seen as less trustworthy

and more likely to commit fraud. Using census data from over 40,000 households and network data

from over 11,000 households, we find that low castes interact more with their own-type in reserved

areas. While low caste households report better access to local public goods in the long run, we find

limited evidence of other effects on downstream outcomes. The three chapters together shed light on

some aspects of how caste relations determine the nature of performance of local government actors.

They both showhow entrenched caste remains in India andmake a strong case in favour of affirmative

action policies, showing their many, often surprising, impacts.
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1.1 Introduction

A1 vast literature argues that ethnic divisions adversely affect local public good provision2. Members

of ethnic minority groups may be more acutely affected by reduced public good supply. They are,

for instance, less able to capture the limited public goods on offer60 and less likely to be able to access

private substitutes6. Political representation for minorities, often through explicit quotas, is one in-

strument used to achieve amore equitable allocation of state resources68. However, given that quotas

explicitly prevent non-minorities from contesting elections, they are only feasible in a small share of

jurisdictions for short periods of time. Furthermore, even when in government, representatives must

often collaborate across administrative tiers to effectively deliver public goods52. Collaboration could

break down when ethnic divisions are severe.

In this paper, we study how public good provision is affected when ethnically different politicians

across two tiers of local government have to collaborate. Using a natural experiment (a Regression

Discontinuity Design), we show that lower-tiered representatives fromminority groups deliver fewer

public goods when their upper-tiered representative is from a non-minority group. Minority group

representatives respond by issuing complaints against their superiors using a formal complaints tech-

nology. The fact that these complaints are costly suggests significant breakdowns in collaboration

between politicians. We then run a large field experiment involving 1629 minority representatives

and demonstrate that the formal complaints technology is extremely effective in fixing politician in-

centives and that complaint filing increases public good provision. Together, these results make two

key contributions: first, they provide evidence on a mechanism through which ethnic differences af-

fect public good provision; second, they show that a formal complaints technology canmitigate these

negative effects.

This paper is set in the Indian state of Bihar, whose local administrative structure comprises over

1This paper is co-authored with Chinmaya Kumar.
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8400 Gram Panchayats (GPs –“village councils”), which are further divided into wards (13.6 per GP,

on average). Both Gram Panchayats (GPs) and wards are represented by elected politicians2, who we

will simply refer to as “upper-tiered” (GP) and “lower-tiered” (ward) representatives. The ethnic dif-

ferences we focus on are along caste lines and our main minority caste groups are “Scheduled Castes”

(SCs). SCs are a collectionof heterogeneous sub-castes3whooccupy thebottomrungof the caste hier-

archy and have historically experienced the most discrimination. Comprising about 17% of the entire

population of the state and rarely forming themajority of persons in theGP, SCs are toomarginalized

to be elected as upper-tiered representatives in the absence of political “reservation” (quotas). On the

other hand, given that wards are both small (225 households, on average) and segregated along caste

lines, SC-majoritywards are notuncommonandoften elect lower-tieredSCrepresentatives. Theover-

whelmingmajority (over 80%) of lower-tiered SC representatives govern under a non-SCupper-tiered

representative.

We study a set of key water and sanitation (WAS) public goods.4 These public goods are created

under a government scheme that funds construction across all wards over a three year period (2017-

2020). We focus on these for three reasons: First, allocations are determined by a fixed set of rules

mandated by the (non-local) government. This implies that all our results abstract away from pref-

erences or rivalries over which wards should get which goods and when; Second, the allocation rule

designed by the government prioritizes SCwards since they have a greater need for these public goods;

Third, implementation necessitates explicit collaboration between politicians across the two tiers of

local government. Funds forWAS schemes from the state’s treasury reach the lower-tiered representa-

tive through the upper-tiered representative. In addition, the upper-tiered representative plays a role

in overseeing project allocation across wards.

2These elections are non-partisan by law.
3While this paper focuses on SCs and non-SCs, both these broad groupings comprise within them many

sub-castes, each with their (mostly unique) place in the caste hierarchy.
4TheWAS assets are (i) laying of drains and village roads (ii) piped water connections to households.
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To answer our first question, whether caste differences lower public good provision, we exploit

the algorithm used to reserve upper-tiered representatives’ seats for Scheduled castes (SCs). This

population-based rule mandates that GPs with SC populations above a threshold will only have SC

upper-tiered representatives. In practice, GPs just above the population threshold are 80 percentage

points (p.p) likelier to be reserved than those marginally below. By focusing on wards governed by

lower-tiered SC representatives on either side of the threshold, we can causally measure the impact

of caste differences between tiers of government on outcomes5 using a fuzzy regression discontinuity

(RD) design framework.

Our first finding is that caste differences worsen public good provision in jurisdictions governed by

lower-tiered SC representatives. In particular, projects in SC wards are delayed and face implementa-

tion related hurdles. WemeasureWAS outcomes using an administrative dataset of over 98,000ward-

level public goods constructed across the state of Bihar during the first two years of the scheme being

in place (March 2017 - March 2019). We show that caste differences cause 29% fewer WAS projects

in year 1 for SC wards. While this gap reduces somewhat by the end of year 2,6 it remains large (27%)

and significant for those sub-castes among SCs who are at the bottom of the caste hierarchy.7

We complement this finding with two additional pieces of evidence based on primary surveys of

representatives in wards around the RD threshold. First, when asked about projects implemented

in their wards, SC representatives with non-SC upper-tiered representatives report more obstacles8

while undertaking WAS projects. They are 18 percentage points (41%) likelier to name the upper-

tiered representative as themain impediment to their effective functioning. Second, when projects are

5Tobe clear, SCwards fromGPs that are above the threshold are extremely likely to have no caste differences
and those from GPs below the threshold will almost always have differences.

6There is a 12% gap overall in total projects undertaken, but the effects are imprecise.
7Within each GP, we identify the socioeconomically weakest SC representative using a wealth score gener-

ated for the representative’s sub-caste based on data on (nearly) every household in the GP.54 show that this
wealth score correlates strongly with caste hierarchies.

8They are likelier to report that the project is actually incomplete, that there were significant delays in start-
ing projects and that they had less control over where the project would happen.
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not undertaken, SC representatives aremore likely to blame the upper-tiered representative for non-

implementation.9 Reversing roles does not have the same effect: when the upper-tiered representative

is SC, non-SC wards do not suffer. This indicates that ethnic differences exacerbate inequality, with

disadvantaged caste groups beingmost likely to be denied public goods by non-minority groupupper-

tiered representatives.

We then turn to a new institutional innovation which has the potential to mitigate the adverse

effects of caste differences: a formal complaints technology. The Bihar Right to Public Grievance

Redressal Act (BPGRA)10 was passed in 2016 and gave every citizen a right to resolution of a wide

range of complaints – officially called “grievances” – against the local state in a time-bound manner.

Two features of the system are important to note here. First, because the system is new, its penetration

is low: only 25% of lower-tiered SC representatives have heard of it and can answer basic questions

about the formal complaints technology correctly; Second, complaint filing is costly for most lower

caste persons, since it chiefly involvesmakingmultiple trips to a distant complaint resolution centre.11

Our second finding is that caste differences cause lower-tiered SC representatives to file more com-

plaints pertaining toWASproject implementation. Toarrive at causal estimates, weuse the assignment

algorithm that exogenously varies the upper-tiered representative’s caste and compare complaint fil-

ing rates on either side of the population threshold. While governing under non-SC representatives,

9Moreover, using an entirely different causal empirical strategy – a close election regression discontinuity
design based on narrow elections between two upper-tiered representatives of different sub-castes – we show
that non-SC upper-tiered representatives discriminate along sub-caste lines too. Wards aremore likely to report
no projects being undertaken at the end of year 2 when an upper-tiered non-SC representative is paired with a
lower-tiered representative from a different sub-caste.

10This is the government website for the BPGRS: http://lokshikayat.bihar.gov.in/AboutUsEn.aspx. A copy
of the Act is here: http://lokshikayat.bihar.gov.in/PdfFiles/ACTS%20BPGRA.pdf.

11On average, the travel costs to file a complaint amount to 75% of the minimum unskilled wage. One must
add the opportunity cost of time to calculate the full costs of complaining. Anecdotally, low caste represen-
tatives say it takes an entire day to travel to the complaints’ centre and file a complaint. Complainants make
multiple trips to the centre to attend three-person “hearings” involving the departmental bureaucrat responsi-
ble for providing the service, a Public Grievance Redressal Officer (a judge-like figure) and the complainant.
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lower-tiered SC representatives file twice as many complaints regarding WAS public goods.12 This

provides strong evidence that one recourse for lower-tiered SC representatives is the formal complaints

technology. On the other hand, exactly in line with our project implementation results, lower-tiered

non-SC representatives do not complain more under upper-tiered SC representatives. The asymmet-

ric nature of these results strongly suggests the role of caste hierarchies in determining how divisions

affect collaboration.

Does filing complaints change incentives13 of upper-tiered representatives and improveWAS pub-

lic good provision? We conduct a large field experiment across 1629 lower-tiered jurisdictions from

GPswhose total population is nearly 15million.14 Given the low penetration of the system, ourmain

treatment arm provides information regarding the formal complaints technology and offers to file

complaints regarding WAS project initiation on behalf of randomly selected lower-tiered SC repre-

sentatives.15

The formal complaints technology is extremely effective and significantly improves WAS public

good provision. There exists significant demand for the formal complaints technology: official data

on complaints shows an increase of 41 p.p in complaints filed in treatedwards in the post-intervention

period.16 Our endline survey – conducted 3-4 months after complaints were filed – shows an addi-

tional 6 p.p (24%) increase inWAS projects being undertaken in treated wards.17 Treated representa-

tives are also more likely to report that the main problem preventing projects from being undertaken

12They also file more complaints concerning local administrative problems and issues related to their wards.
13Other politician-level incentives could alsomitigate the extent of under-provision of public goods in ethni-

cally different jurisdictions. We show that upper-tiered representatives who win with relatively smaller margins
collaborate equally with representatives across ethnic groups.

14This study is registered in the AEA RCT Registry and the unique identifying number is: AEARCTR-
0004308.

15Complaint filing is done online and instantaneously.
16The patterns in take-up in our experimental wards line up nicely with our previous results: wards with

caste differences within the RD bandwidth are more likely to accept our offer to file complaints on their behalf.
17This further rises to 11 p.p (33%) if we extend project initiation to include projects starting in the week of

the survey.
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had been resolved. The effect sizes are sufficient to account for 60% of the impact of caste differences

in year 1 and could potentially close whatever remains of the gap in year 2. Back-of-the-envelope cal-

culations suggest that the intervention is highly cost-effective, costing 2.5 cents for every dollar’s worth

of public goods provided.

The treatment has positive spillovers on complaint filing and increases project initiation in neigh-

boring jurisdictions.18 Our endline survey of 945 neighboring wards where projects had not been

undertaken indicates an 8 p.p (40%) increase in project initiation for neighbors of treated wards when

compared to neighbors of controlwards. Only 2.5 p.p of these representatives actually file complaints.

The discrepancy between complaints filed and project initiation in neighboring wards suggests that

the mere threat of a formal complaints technology could cause project initiation.

What then are the barriers to greater adoption of the new formal complaints mechanism? We con-

duct a smaller experiment where we treat lower-tiered SC representatives with information only, but

do not offer to file complaints (N = 271). Information alone improves complaint filing rates by 7

p.p.(much lower than the 41 p.p increase caused by the filing assistance treatment above). This re-

sult suggests that the main constraint to complaint filing is not information and that adoption would

increase significantly with some form of mediation45, a reduction in transaction costs or improving

beliefs in the efficacy of the state.

We develop a simple theory of collaboration between politicians that is consistent with our main

findings. The setup involves two players, an upper-tiered and a lower-tiered representative engaging

over multiple stages. The objective is to collaborate and implement a project that generates a surplus.

Collaboration involves committing to put in some initial sunk effort to set up the project. If both

players commit, collaboration occurs and they bargain over and split the surplus. Caste differences

increase effort costs of collaboration of the upper-tiered non-SC representative. This is consistent

18To calculate spillovers, we restrict attention to GPs with exactly one treated or one control ward (75% of
our sample GPs).
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with documented evidence of the significant negative stereotypes non-SCs have about the SCs30, in-

cluding the notion that SCs are “polluting” and “untouchable”.19 In the absence of collaboration,

a lower-tiered representative can choose to file a costly complaint that triggers collaboration with a

non-zero probability and imposes sanctions on the upper-tiered representative. This setup is suffi-

cient to explain our main empirical findings: (i) caste differences reduce collaboration (by adding to

initial effort costs) (ii) caste differences result in more complaints (iii) a formal complaints technol-

ogy increases collaboration. Themodel predicts that this increase is the outcome of twomechanisms:

first, a “threat” mechanism driven by the fact that non-collaboration could cause complaints; second,

a ”direct” mechanism where a complaint is filed and the formal complaints technology rules against

the upper-tiered representative, thus forcing the upper-tiered representative to collaborate.

Our results contribute to the literature on how ethnic diversity affects public good provision by

suggesting a mechanism through which this occurs.2 show a negative correlation between share of

public spending and ethnic fragmentation inU.S cities.20 While several papers investigate this claim,21

the literature on causal mechanisms is scarce. In this paper, we provide evidence for one causal mech-

anism: the inability of ethnically diverse elected representatives to collaborate and provide public

goods.22

Twoother bodies of literature haveprovided explanations for theunevenprovisionof public goods.

First, the literature on political misalignment across tiers of government (24,8).23 Second, the vast lit-

erature on clientelism and coethnic favoritsm (68,64 55).24 This paper identifies a simple, novelmecha-

19Indeed, nearly 47% of households in Bihar report practising some form of untouchability against SCs36.
20 12 perform a similar exercise for data from India and find broadly similar results.
21Prominent papers in the literature include 3,62,53 among others.13 argue that ethnic factionalization can

positively affect outcomes by improving politician quality because dominant group elected representatives have
lesser competitive advantages.

22This is especially true in settings where the diversity comes with its own hierarchies – like caste in South
Asia or race in America.

23Misalignment could affect outcomes negatively (24), positively ( 25) ormore ambiguously (73).8 and77 find
overall negative effects, but34 argue otherwise.

24Also, see:14.
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nism– a formal complaints technology – that is very effective inmitigating the problemof inequitable

provision documented by both these bodies of work.

Our work also speaks to a related literature documenting the positive impact of political represen-

tation in favor of minorities (19,39,54 42) by suggesting that one way outcomes change is through the

improved ability of tiers ofminority representatives to collaborate with others in government who are

like them.

Finally, ourpaper contributes to the literature inorganizational economics studyingdiversitywithin

teams of workers (10,61). A closely linked paper is by Hjort 47 , who shows that upstream workers in

a firm in Kenya discriminate against non-coethnic downstream workers and that introducing “team-

pays” can fix incentives. Our paper shows that where financial incentives are not feasible,25 a formal

complaints technology could be used to overcome ethnic biases and fix collaboration incentives.26

Our findings are also of relevance to policymakers. Our results show that ethnic quotas could be

particularly potent when they are applied across tiers of government, since collaboration with others

plays a key role in project implementation. Among the various tools being designed to increase trans-

parency and accountability in government, formal complaints technologies are increasing in promi-

nence. For instance, over 200 American cities have designed portals where citizens can log in and file

complaints.27 Our results are in favor of designing these technologies to provide avenues for com-

plaints not merely by citizens but also by members of the local state. This may prove beneficial in

highly decentralized settings, particularly for members of ethnic minority groups.

The rest of the paper is organized as follows: Section 1.2 provides the context for the paper; Section

1.3 presents our model; Section 2.3 lists our secondary and primary datasets; Section 1.5 presents

our first set of results on the impact of caste differences on WAS public good projects; Section 1.6

25For instance, firms could be profit constrained.
26 70 uses team theory to assess impacts of diversity. Other empirical works include:46,48.
27The literature documents the presence of complaints systems across the developing world, in, for example,

South Asia, Africa71 and Latin America80.
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focuses on results on how caste differences affect complaint filing; Section 1.7 describes in detail our

experiment; Section 1.8 concludes.

1.2 Background and Context

1.2.1 Caste Divisions

This section discusses the historical causes for the existence of caste-barriers and briefly describes the

mainminority caste-group, ScheduledCastes. It then surveys the literature on the prevalence of caste-

barriers and its impact on a host of socioeconomic outcomes.

Historical Roots

For over two millennia, much of Indian society has been divided along caste lines. Caste is defined at

birth and is usually based on the caste of the father. A defining feature of caste is the presence of strict

hierarchies: the castes at the very top of the ladder have historically enjoyed (and indeed, continue to

do so) great privileges in society, while those at the bottom are discriminated against, both socially

and economically. Much of the laws that defined the nature of caste-based society for the Indian sub-

continent were laid down in the Manusmriti (or the “Laws of Manu”) - a text written around the

dawn of the common era. The text, inter alia, classified society into for broad hierarchical groups28

that subsumed the thousands of sub-castes that constituted Indian society. The text prescribed strict

rules for engagement between classes and castes, codified discriminatory practices by specifying pun-

ishments for rule violations and crystallized hierarchical norms. Lower castes and upper-castes were

forbidden from dining together. Inter-marrying across castes continues to be rare in modern Indian

society. The more egregious practices include notions of “pollution” emanating from contact with

28These four groups, ranked by hierarchy, were the Brahmins (priests), theKshatriyas (warriors), theVaishyas
(traders) and Shudras (workers and farmers).
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lower-castes, including the slightest touch with even their shadows. Modern India’s first (and great-

est) scholar of caste, Dr B.R. Ambedkar described theManusmriti thus: “There is no code of laws

more infamous regarding social rights than the Laws ofManu. Any instance from anywhere of social

injustice must pale before it.” (5).

Scheduled Castes (SC)

Those sub-castes that fell outside the four broad caste-groupings were the untouchables, which are

now grouped into a heterogeneous whole referred to as the Scheduled Castes. A term that is in-

creasingly commonly used for this grouping is “Dalits” (literally - “the oppressed”). Historically these

groups could not own land, conduct trade or business, receive education, or buy or sell in markets.

Though the Indian state abolished untouchability in 1950, SCs lag severely on several socioeconomic

indicators even today12. Summarizing the literature - primarily in economics - from the two-decades

leading up to 2012 and looking specifically at material well-being across castes,37 argues that while

there exists substantial regional variation, there is no “reversal of traditional caste hierarchies”.

Caste-Barriers in India/Bihar today

Caste barriers continue to persist in India today, a fact rigorously documented across several social

science disciplines, including economics. Amere 11 % ofmarriages in Bihar, the setting for our study,

are inter-caste. On the other hand, 47 % of respondents surveyed say that someone in their house-

hold practices untouchability36. Caste-barriers continue to dictate labor-market outcomes (37,76)

and labor-market opportunities, with resume-studies confirming the presence of discrimination, even

in urban India79; caste-networks are seen as barriers to rural-urban migration66.57 presents evidence

of considerable prejudice among youths towards non-caste matched peers and rigorously documents

discrimination against lower-caste members.
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1.2.2 Local Administrative Structure

Bihar’s over 100 million strong rural population live in villages that are grouped into administrative

units calledGramPanchayats (GP).There are over 8400GPs inBihar. EachGP is headedby an elected

representative called the “Mukhiya”. In this paper, we will refer to the Mukhiya as the upper-tiered

representative.

Each GP is divided into wards. Each ward is headed by a ward member. We will refer to the ward

member as the lower-tiered representative. There are over 114000 wards in Bihar. There are no GP-

level permanent bureaucrats. The lowest permanent bureaucrat is posted at the Block Headquarters

and is called the Block Development Officer (BDO). In this paper, we will refer to the BDO as the

upper-tiered bureaucrat. There is one Block Headquarter for every 15.8 GPs.

The elections for both the upper-tiered and the lower-tiered representative posts were held simulta-

neously in May 2016. Bihar’s upper-tiered representatives are much more powerful than their lower-

tiered counterparts. An upper-tiered politician represents, on average, a population of 13300 per-

sons; on the other hand, the lower-tiered representative is elected from a population of approximately

1000.29 Local bodies are responsible for, among other things, the implementation of a wide array of

development projects, dispute resolution between citizens and representing their constituents’ issues

at higher levels. Within a GP, nearly all of this has been traditionally done by the upper-tiered repre-

sentative44. Thus, in the local context, a typical lower-tiered representative is a political minority.

29These are back-of-the-envelope extrapolations. The last estimates ofGPpopulations are from2010: 10953
persons per GP. Since there exist 13.5 wards per GP. the average ward population for 2010 can be esitmated to
be 806 persons. The figures of 13300 and 1000 are arrived at by assuming population growth for the decade to
be 22 %
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1.2.3 Devolution ofWater and Sanitation (WAS) Schemes

In late 2016, the state government of Bihar devolved implementation of two major water and san-

itation schemes to the lower-tiered representative. The two schemes, called “Nal Jal” [piped water

for every household] and “Nali Gali” [construction of village roads and drains] formed key planks

of the incumbent government’s “seven-resolves”30 to development. An estimated sum of 4 billion

dollars have been allocated to the implementation of these schemes. Over 93 % of lower-tiered rep-

resentatives surveyed report that these two schemes prove extremely beneficial to households in their

jurisdictions.

Scope for Local Contestation

The decision to transfer implementation powers to the lower-tiered representatives constituted an im-

portant decentralization move. In one stroke, the implementing authority was brought significantly

closer to the citizen, by a factor of 13.5. For the first time in Bihar’s history, lower-tiered representa-

tives had a direct say in spending of state funds. Each lower-tiered representative was responsible for

spending an average sum of $30,000 over a span of four years.

As per the rules, wards are selected for WAS asset construction in a specific manner. First, wards

are ranked in the descending order of Scheduled Castes and Scheduled Tribe (ST) population and

projects are allocated in sequence. Once all wards with SC/STs are exhausted, the rest of the wards are

arranged in descending order of total population and are then allocated projects. Thus, the rule biases

allocation in favor of wards with large SC/ST populations and, more generally, large populations.

Every year, the list of wards where projects need to be implemented is drawn up by the upper-tiered

bureaucrat. Often, in practice, this is done together with the upper-tiered representative of the GP.

30The seven resolves - or ”7-Nishchay” - include: skill development programs for youth, reservation for
women in government jobs, electricity in every house, piped water to households, local drains, construction
of toilets and improving higher education

16



Money forWAS schemes is transferred from the state to the GP account, handled by the upper-tiered

representative. The upper-tiered representative then transfers the amount to the lower-tiered repre-

sentative. The lower-tiered representative is to then identify where the asset has to be created, find

a suitable contractor or liaise with the relevant department to organize construction of and monitor

implementation of WAS assets.31

Thus, the main way in which the upper-tiered representative can interfere with WAS projects is

in withholding funds for implementation (funding). Another less direct way would be to collabo-

rate with the upper-tiered bureaucrat (the BDO) and manipulate the order in which wards are to be

allocated projects (selection). The latter is, of course, slightly more tricky, since it would require the

explicit cooperation of the BDOwho is the authority in-charge of drawing up lists.

Caste differences not merely affect when a ward begins projects, it also affects how projects are

undertaken. To better understand how projects are undertaken, we undertook audits of projects and

interviewed234 lower-tiered SC representatives via the phone. Both these sources confirm the sanctity

of the administrative data: over 95 % of projects reported are independently verified through audits

and interviews.

Contrary to de jure procedures, our surveys with lower-tiered representatives confirm that the

upper-tiered representative plays a somewhat oversized role in WAS projects implementation. In

about 12 % of the cases, the upper-tiered representative is reported to be the sole implementing au-

thority - clearly violating administrative rules. Furthermore, even when the lower-tiered represen-

tative claims they are the main implementing authority, less egregious violations occur. The upper

tiered-representative (and the upper-tiered bureaucrat) have a disproportionately large say in ward-

level opening of bank accounts, hiring contractors to construct the asset and, to a lesser extent, mak-

31This is not entirely true: for a third of the wards, the piped water scheme is being implemented by the
Public Health Engineering Department (PHED). This is because these wards are seen to have problems with
ground-water quality. There was, however, some confusion over PHED’s role for much of 2017-18 and some
parts of 2018-19.
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ing payments to the contractor. Moreover, interactions with lower and upper-tiered representatives

in focus-groups, interviews with district and state-level bureaucrats suggest that these numbers are

biased downwards and that upper-tiered representatives have an even larger role to play than what is

reported.

About 50%of lower-tiered representatives report facing troublewhile implementingWASprojects.

Over half of those who face obstacles report that the upper-tiered representative or the bureaucrat are

the main impediments to effective functioning.

1.2.4 Formal Complaints Technology

In 2016, the government of Bihar successfully passed the Bihar Right to Public Grievance Redressal

Act (BPGRA) that gave every citizen the right to “redressal” (resolution) of any “grievance” (com-

plaint) filed across 44 different departments of the state. Crucially, the Act mandated the creation

of 102 posts for Public Grievance Redressal Officers (PGRO). Each district, on average, had about

2.5 PGROs who were tasked with the duty of hearing and resolving citizens’ grievances. In these

hearings, the complainant presented their grievance in the presence of the concerned departmental

bureaucrat.The PGRO’s job was to determine the validity of the grievance and, once determined as

permissible to be acted upon under the law, ensure the grievance is disposed off within 60 days.32

Filing and following up on complaints is not costless. Over three-quarters of complaints are filed in

person at the PGRO’s office. Subsequently, the process of redressal involves making multiple trips to

the PGRO’s office to attend hearings. There is one PGRO for every 5.23 Blocks, 84.6 GPs and 1120

wards. Thus, the average complainant has to travel a considerable distance to ensure their cases are

heard.33 Our survey evidence suggests that travel and food alone cost INR140 per hearing. There are,

on average, 2.5 hearings per complaint. In addition to this, there are opportunity costs of attending

32This time-limit has been relaxed in recent years.
33Recognizing this, the Government of Bihar has begun to mandate periodic hearings in the less distance

”Block” Headquarters.
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hearings. Complainants we spoke to say that attending hearings takes up awhole day. Figure ?? shows

a sharp drop in the likelihood of complaints as distance to the PGRO’s office increases.

In the first three years of its functioning, over 500,000 grievances have been filed. PGROs are em-

powered to punish errant departmental bureaucrats with fines upto INR5000 ($70).49 notes that the

law is not only the first of its kind - awarding citizens with a right to redressal of their grievance - but

is also “a fairly strong law that is being administered with political and bureaucratic will”. A study

conducted by the IDFC Foundation in collaboration with the government of Bihar finds that, on av-

erage, a third of the grievances are redressed. The government’s own estimates are, however, close to

90 %. In either case, complainants report high satisfaction rates, at nearly 75%.

1.3 A Simple Theory of Collaboration Breakdowns & Formal Complaints

Systems

In this section, we develop a simplemodel to examine (i) the nature of collaboration across representa-

tives (ii) breakdowns caused by ethnic barriers and (iii) the role a formal complaints technology could

play in affecting outcomes. The setup involves two players, an upper-tiered and a lower-tiered rep-

resentative engaging over multiple stages. The objective is to collaborate to implement a project that

generates a surplus. Collaboration involves some initial sunk effort (investment) to set up the project.

If they both put in the effort investment, they bargain over the surplus with fixedweights. Caste barri-

ers increases initial effort costs of representatives – especially for upper-tiered (upper-caste) represen-

tatives. The increase in effort costs could stem from the cost of overcoming inherent dislike/distaste

ofmembers of other (lower) castes. This could cause collaboration breakdowns. A formal complaints

technology allows the lower-tiered representative to provide a costly signal regarding breakdowns in

collaboration. Such a signal results in increased monitoring costs of the upper-tiered representative.

However, this does not always result in collaboration: the system may not work perfectly. The pres-
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ence of a formal complaints technology and the consequent threat of filing a complaint may be suf-

ficient to make the upper-tiered representative want to collaborate. Thus, a complaint will only be

filed if (a) it is cost-effective to do so (b) there is a collaboration breakdown caused by the upper-tiered

representative (c) the threat of filing a grievance is insufficient to trigger collaboration. Since caste

differences cause more breakdowns, more complaints are filed when there are differences.

1.3.1 The Environment

An upper-tiered representative,U and a lower-tiered representative L are collaborating to implement

a project P. The surplus from implementing the project is τ∗.

Implementing the project involves some sunk effort costs ej (j = U,L) for each type of representa-

tive. Both players must commit to incurring this cost for collaboration to occur. Commitments are

made in advance, but costs are incurred only if collaboration occurs. Costs are heterogeneous both

across and within types. For type j, effort costs are drawn from a normal distribution ej ∼ N (μj, σj)

and μj > 0. If both players choose to invest ej, then the two players are involved in Nash bargaining

in stage 2 with fixed weights δ and 1 − δ for U and L respectively. The share of surplus derived from

the second stage is u and v respectively (where v = τ∗ − v).

Caste differencesHere, wemodel the explicit casewhere the upper-tiered representative is non-SC

and the lower-tiered representative is SC. Caste differences (CM) add costs E to the effort costs eU in

stage 1 for the upper-tiered representative such that eU = 1{CM = 1} ∗ E+ eU.34

34Here, we assume that caste differences impose no costs on the lower-tiered representative. This is a stricter
assumption than what we would require for our results to go through. All we require is that differences im-
pose greater costs on the upper-tiered representative than the lower-tiered representative and that the lower-
tiered representative’s costs of differences are sufficiently low. In practice, this assumption holds because of the
caste hierarchy. Upper-tiered non-lower-caste representatives are much less likelier to want to collaborate with
lower-tiered lower-caste representatives than the other way around. Other reasons for upper-tiered representa-
tives facing greater costs include the fact that they could potentially collaborate with other partners, whereas
the lower-tiered representative has to always collaborate with the upper-tiered representative. In the appendix
section A.2, we discuss these assumptions in greater detail.
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Formal Complaints SystemA formal complaints system allows the lower-tiered representative to

provide a costly signal of breakdown. 35 The signal costs C.36 When a complaint is filed, the upper-

tiered representative faces increased monitoring costsM.37 When a complaint is filed, collaboration

occurs with probability p.38

We assume a setting of perfect information: all costs and parameters are known to both players as

soon as they are revealed by nature. For simplicity, we assume risk-neutral preferences over payoffs

here. Any increasing risk-averse utility functions would also generate the same results.

Timing

1. Effort costs of collaborating, eU and eL are revealed to both representatives. We assume thatC,

M, p and E are fixed and known to both players.

2. L commits to making the sunk effort investment eL if collaboration occurs

3. U commits to making the sunk effort investment eU if collaboration occurs

4. If there’s no collaboration, L decides whether to file a complaint or not

5. If there is collaboration, both players incur eU and eL and proceed to nash bargain with fixed

weights

35A natural question that may arise is if upper-tiered representatives can also file complaints. In our setting,
upper-tiered representatives do not use the technology to file complaints regarding breakdowns in collaborative
projects. This is because, in contrast to the lower-tiered representative, the upper-tiered representative usually
belongs to a powerful, traditional, political class of elites. They are also much more deeply embedded in the
state machinery. So, we model a setting where the upper-tiered representative doesn’t have the option to file
complaints.

36Costs involve transaction andmediation costs of filing complaints, the opportunity costs of attending hear-
ings etc.

37As per law, every complaint is subject to hearings. Irrespective of whether a complaint is legitimate or not,
upper-tiered members of the state are called to hearings and are asked to present their side of the case. Thus,
any complaint does increase scrutiny of the upper-tiered representative. This is captured by the parameterM.

38One interpretation of p is that it captures the quality of the local official tasked with resolving the com-
plaint: the higher the quality, the likelier it is to ensure that the biased upper-tiered representative is forced to
collaborate. Surveys of previously filed complainants and data from our experiment suggests that p is between
0.2 and 0.25.
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StrategiesU has to choose a pure strategy from the strategy set, SU = ({Collaborate, No Collabo-

rate})

L has to choose a pure strategy from the strategry set:

SL = ({Collaborate, Complain}, {Collaborate,NoComplaint}, {NoCollaborate, Complain}, {No

Collaborate, No Complaint})

A strategy profile S = (SU, SL)

EquilibriumWe characterize nash equilibria by backward induction.

Nash bargaining solution

In the nash bargaining stage, the two player optimize by solving for:

max
u,v

, (u)δ(v)1−δs.t., u+ v = τ∗ (1.1)

Solving for this, we have: [u*,v*] = [δτ∗,(1− δ)τ∗]

Beforeweproceed to characterize the various equilibriumoutcomes, note also that complaint-filing

occurs only if it is not too costly forL. Byfiling a complaint afterUhas chosennot collaborate,L incurs

an additional costC. This triggers collaboration with probability p. In particular, for complaint filing

to prove beneficial, we require:

p ∗ (eL − (1− δ)τ∗) < CeL < (1− δ)τ∗ − C
p

(1.2)

Thus, there is an upper-bound on the effort-costs beyond which it is unprofitable for L to file

complaints.

When it benefits L to file complaints in order to force collaboration, U’s participation constraint

slackens. To see this, considerU’s payoffs to collaborating and not collaboratingwhenL is likely to file

complaints. When they collaborate, their payoff is: eU − δτ∗. Not collaborating, on the other hand,
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triggers a complaint being filed. So, their payoff is: p ∗ (eU − δτ∗) +M. Comparing the two, we can

derive the participation constraint forU under complaint filing:

eU < δτ∗ +
M

1− p
(1.3)

1.3.2 Outcomes

Collaboration could be an equilibrium outcome in 3 ways,39 depending on effort costs of U and L.

We describe them below:

({Collaborate}, {Collaborate, No Complaint})

When equation 1.2 is not satisfied (complaint filing is too costly), but eL is still below the surplus from

collaboration, we will see collaboration ifU benefits from collaborating. In particular, we require:

eU < δτ∗(1− δ)τ∗ − C
p
< eL < (1− δ)τ∗ (1.4)

({Collaborate}, {Collaborate, Complain})

Here,L’s effort costs are low enough that it benefits them tofile complaints if there is no collaboration.

Knowing this,U’s participation constraint slackens. For this to result in an equilibrium, we require:

eU < δτ∗ +
M

1− p
eL < (1− δ)τ∗ − C

p
(1.5)

39We assume that players do not play weakly dominated strategies in equilibrium.
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({No Collaborate}, {Collaborate, Complain})

Here, collaboration is too costly for U. L files a complaint and collaboration occurs with probability

p.

eU > δτ∗ +
M

1− p
eL < (1− δ)τ∗ − C

p
(1.6)

Caste Differences

It is straightforward to see how caste differencesmake collaboration harder in this setting. Since it adds

an additional cost E to U’s initial effort costs, it manifests to tighten their participation constraint,

making them more likely to not want to collaborate. If complaint filing is not too costly for L, the

breakdown caused by caste differences increases the likelihood of a complaint being filed.

Figure 1.2(a) visually plots the range of effort costs, eU and eL for which collaboration occurs and

Figure 1.2(b) shows how caste differences affects outcomes.

1.3.3 Predictions

Our model makes the following 4 main predictions. For each prediction, we indicate the section of

the paper where the empirical counterparts are shown.

1. Caste differences adversely impacts public good provision by increasing costs of collaboration

(Section 1.5) . Increased caste differences implies reduced collaboration (Section 1.5.2).

2. Caste differences increases the likelihood of complaints being filed (Section 1.6). This is driven

by cases where U doesn’t collaborate because of caste differences and L’s costs of filing com-

plaints are sufficiently low.40

40In this simplified model, we assume that caste differences do not affect L’s effort costs. We could relax that
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(a) Collabora on with Formal Complaints Technology

(b) Collabora on with Formal Complaints Technology and Caste Differences

Figure 1.1: Panel 1.1(a) shows how introducing the formal complaints technology expands the collabora on space from
panel 1.2(a)’s baseline case. In par cular, introduc on of the technology expands the collabora on space in two differ-
ent manners: first, a “threat” effect where the upper- ered representa ve’s constraint slackens because of the fear of
filing complaints; second, a “direct” effect of filing a complaint and that triggering collabora on with probability p. Fi-
nally, panel 1.1(b) shows how the collabora on space from panel 1.1(a) shrinks somewhat because of caste differences.
Collabora on is affected in two ways – first, for those lower- ered representa ves for whom the costs of complaining
is too high, there is a direct nega ve impact on collabora on. For those for whom the costs make it worth complaining,
we see that the threat effect shrinks and thus, complaining becomes more likely. Note that these are stylized represen-
ta ons and the actual effect sizes could vary depending on the various parameter values.25



(a) Collabora on

(b) Collabora on with Caste Differences

Figure 1.2: Panel 1.2(a) displays the range of effort costs where collabora on is feasible, assuming each player obtains
their fixed share of the surplus. Panel 1.2(b) shows how caste differences reduces collabora on by ghtening the upper-
ered representa ve’s collabora on constraints.
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3. A formal complaints technology improves likelihood of collaboration in two ways (Section

1.7.3):

• “Threat” mechanism: Themere threat of filing a complaint makesUmore likely to col-

laborate. This ‘threat effect is increasing inM and p i.e the monitoring costs the system

imposes onU and the probability that the formal complaints technology triggers collab-

oration.41

• “Direct” mechanism: By actually makingU to collaborate via the system. Here, collab-

oration occurs with a probability p.

4. When costs of complaint filing C is reduced such that it is beneficial for L to file complaints

(independent of whether it was beneficial ex ante) (Section 1.7):

• More complaints are filed

• More collaboration occurs, triggered by both the “threat” and the “direct” mechanisms

1.4 Data Sources

This project brings together multiple data sources, both primary and secondary in nature. All our

secondary data sources, except for data from two rounds of the decennial census of India, are obtained

from different administrative departments of the Government of Bihar. Our primary data sources are

obtained via surveys of various local actors in the administrative machinery.

assumption to say that differences affect U’s costs more than L and (L costs of differences are sufficiently low)
we will still see more complaining under caste differences.

41This implies that amore effective formal complaints technologywill induce greater collaboration but fewer
complaints.
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1.4.1 Secondary Data Sources

BPGRAGrievances Data

We have official government data on the universe of over 500,000 complaints filed under the BPGRA

between June 2016 and August 2019. Our data contains personal information including name and

address of complainant. Furthermore, we have phone numbers for 82% of these complainants. We

also have data detailing complaints including the date filed, the exact text of the complaint, the number

of hearings held, the date of redressal and whether appeals were filed.

WAS Scheme Data

This includes official government data regarding every single WAS asset constructed across Bihar’s

114000 wards. This dataset is the source of our WAS-related outcome variables. The data records

WAS assets with a lag, but our audits strongly suggest that “ghost” assets (assets found only on paper)

are under 5%.

Local Representatives Data

We have official government data on both upper- and lower-tiered representatives for 94 % of the

upper-tiered representatives and 81% of the lower-tiered representatives. We also have data on indi-

viduals who contested these elections at both tiers. In all, we have a dataset of over 350,000 local

politicians. For each of these, we have personal characteristics including the name, age, education,

gender, caste category of these representatives. We also have data on the number of votes won in the

2016 elections.
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Census 2011 data

This comprises data from India’s decennial census. The variables here can be classified into two

groups: demographic and village-wise public goods. We use the demographic information to inde-

pendently back out the rule for reservation of GPs for SCs.

1.4.2 Primary Data

All our primary data is collected via phone-based interviews of representatives or other politicianswho

contested and lost local elections.

Experimental Data

This includes primary data collected as part of the experiment. Here, we have baseline and endline

data on the quantity and type of assets constructed in wards, self-reported impediments to effective

functioning of the lower-tiered representative and knowledge about the formal complaints technol-

ogy. In the endline data, we measure spillovers by interviewing one randomly sampled lower-tiered

representative in the GP in whose wards projects were not yet undertaken.

Survey of Lower-Tiered Representatives

To understand better howWAS projects have been undertaken, we interviewed 234 lower-tiered rep-

resentatives. In these interviews, we asked them about whether WAS works from the administration

data existed in their wards, the role they played in implementingWAS projects andwhether they faced

any trouble during implementation.
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1.5 Caste Differences & Public Good Provision

In this section, we describe how caste differences affect WAS projects. We present evidence from ad-

ministrative and survey data and use two separate natural experiments (RDs) to argue that caste differ-

ences adversely affect public good provision. We argue that this is more likely to be true lower-tiered

SC representatives.

1.5.1 Econometric Strategy 1: RD for Caste Differences

Stylized Representation

We use exogenous variation in the identity of the upper-tiered representative to causally establish the

impact of caste differences on our main outcome variables.

Figure 1.3 offers a stylized representation of how this plays out in practice. Panel 1.3(a) of the figure

displays a typical set ofGPswith a single upper-tiered representatives and a cluster (13.58) lower-tiered

representatives. Panel 1.3(b) marks out the lower-tiered SC representatives in red. Panel 1.3(c) then

indicates the presence of exogenous variation in the upper-tiered representative’s caste category based

on an RD (described below). Panel 1.3(d) indicates that for many of our regressions we measure the

impact of caste differences by restricting attention to only lower-tiered SC representatives inGPswith

SC and non-SC upper-tiered representatives.

GPReservation Rule for SCs

Upper-tiered representatives are elected at the Gram Panchayat (GP) level. GPs are reserved for SCs

based on a population-based cutoff. This gives rise to a regression-discontinuity design where GPs

marginally above the cutoff can be compared with those marginally below.

Bihar’s 8400 GPs, as mentioned above, are housed in admistrative units called blocks, numbering
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(a) Representa on of all lower- ered and upper- ered representa ves

(b) Some lower- ered representa ves are SCs (marked in red)

(c) Upper- ered representa ves to the right of the RD cutoff are quasi-exogenously
SC too

(d)We restrict a en on to only lower- ered SC representa ves in most of our
regressions

Figure 1.3: Panel indicates our empirical strategy for measuring the impact of caste differences between lower- and
upper- ered SC representa ves. In the figure, all SC representa ves are marked in red. Figure is for demonstra ve
purposes only.
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534 in all. The number of GPs to be reserved for SCs is a function of the proportion of SCs in the

block in which the GP resides. This implies that within each block, the rule for reservation gives rise

to an exogenous SC population cut-off belowwhich noGP is reserved. Above the cut-off, not all GPs

are reserved for SCs, as some are ruled to be reserved for OBCs. In practice, as Figure 1.4 shows, once

we throw away GPs above the cut-off that are to be reserved for OBCs, the first stage results in a near

80% jump in the probability of reservation.42 Thus, we have a fuzzy RDwith a strong first stage.

Our running variable is the difference in SCpopulation of aGP and themean of the SCPopulation

of the last Panchayat to not be reserved and the first GP to be reserved. Thus, for GP i in Block j:

Runningij = SCPopij −

(
SCPop1j + SCPop0j

2

)
(1.7)

where SCPop refers to SC Population and 0 and 1 subscripts stand for the the last GP to not be

reserved and the first GP to be reserved, respectively.

This reservation rule was first implemented in 2006 for a period of 10 years. In 2016, the algorithm

rotates to ensure that GPs previously reserved for SCs/STs/OBCs are not reserved again. As before,

the number of GPs to be reserved is a function of the proportion of SCs in the block and this gives

rise to an exogenous SC population cut-off belowwhich noGP is reserved. The running variable is as

defined previously and Figure 1.4 shows the first stage, plotting the probability of reservation against

the value of the running variable. Furthermore, Tables 2.1 and ?? show that a host of GP-level and

ward-level covariates are balanced across the RD cutoff.

A more detailed discussion of the reservation rule is in the Appendix.

42We asked election officials serving at the time about the small discrepancy on the prediction in theory and
the actual reservation. Wewere told thismay have been because of the following reasons: officers calculating the
cut-off wrongly; disputes regarding actual SC population figures; manipulation by local officials of the status
of reservation of GPs. At least one instance of manipulation was flagged and officials punished.
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Figure 1.4: Figure plots the impact of an upper- ered representa ve’s seat being “reserved” for SCs against the running
variable. The running variable is normalized such that for all values above 0,a GP has to be reserved as per the rule.

Main Estimating Equation

Under the assumption of continuity of all other GP characteristics, the fuzzy RD estimator calculates

the local average treatment effect (LATE) of having an SCupper-tiered representativewith population

equal to the cutoff population for a block. Following26, we estimate a fuzzy regression discontinuity

design with covariates. Essentially, our primary specification uses a local linear regression within the

CCTtriangular bandwidth of the treatment threshold, and controls for the running variable (SCpop-

ulation in the GP) and a host of covariates - including block fixed effects, GP- and ward-level controls

- on either side of the threshold. We use the following two stage instrumental variables specification:

Reservedigb = γ0+γ11(SCPopgb > Tb)+γ2(SCPopgb−Tb)+γ3(SCPopgb−T)∗1(SCPopgb >= Tb)+δ∗Xg+ζ∗Wi+ψ+ηigb

(1.8)
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Table 1.1: Balance Across the RD Sample (GP-level Controls)

Variable Treatment Control Difference pvalue
Total Population of GP (Census 2011) 11,142.88 11,043.60 99.28 0.79
Proportion of SCs (Census 2011) 0.16 0.17 -0.01 0.44
Distance to Nearest Statutory Town (Census 2011) 25.55 23.49 2.06 0.20
Distance to District Headquarters (Census 2011) 34.82 34.95 -0.13 0.96
Number of Villages in GP (Census 2011) 5.04 5.81 -0.77 0.17
Total GP Area (Census 2011) 1,054.79 1,092.53 -37.74 0.67
Percentages of SCs inMain SC Village (Census 2011) 25.84 29.45 -3.61 0.14
Index of Public Goods (Census 2011) 0.12 0.12 0.00 0.94
Total SCWards 2.75 2.97 -0.22 0.22
Mean non-SCWealth Score -0.04 0.02 -0.06 0.31
Mean SCWealth Score 0.10 0.10 0.00 0.97
Upper-Tiered Representative Age 38.89 41.60 -2.71** 0.05
Wealth Score of Upper-Tiered Representative’s Sub-caste 0.84 0.89 -0.05 0.66
MeanWealth of SC Lower-Tiered Representatives 0.31 0.29 0.02 0.76
NOTE: Table presents results from a series of balance tests for GP-level variables across the population-
based RD cutoff. We operationalize tests in the following manner: we run a fuzzy RDwith bandwidth =
230. Standard errors are clustered at the GP level. *p < 0.1, **p < 0.05, ***p < 0.01.

Yigb = β0+β1Reservedigb+β2(SCPopgb−Tb)+β3(SCPopgb−T)∗1(SCPopgb >= Tb)+ω∗Xg+θ∗Wi+α+εigb

(1.9)

where Yigb is the outcome of interest in ward i of GP g and Block b. Tb is the SC population

cutoff for GPs in block b, SCPopgb is the SC-GP population, Xg is a vector of GP-level controls,Wi

is a vector of ward level controls and psi indicates block fixed effects. etaigb and εigb are error terms.

GP level controls include total population of GP, distance to the nearest town/district head-quarters,

whether GPwas reserved for women/OBCs/STs in the previous/current term, herfindahl index of all

castes/only SC castes in the GP, number of wards in the GP. Ward level controls include gender of

lower-tiered representative and total candidates contesting ward-level elections in 2016. We cluster

standard errors at the GP-level.
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Threats to Validity

One threat to validity is if the reservation rule changes anything beyond the identity of the upper-

tiered representative around the RD cutoff. Table 2.1 shows balance for a host of observables across

a series of broad categories. In particular, reserved and unreserved GPs around the cutoff look similar

across a series of variable related to the composition of SC citizens in the GP.

Another threat to validity emerges from whether reservation changes not merely the upper-tiered

representative’s caste-group, but also affects the pool of lower-tiered representatives in some way. Ta-

ble ?? speaks directly to this concern. It shows that the SC lower-tiered winner is not significantly

different along a host of observables including age, gender, education and electoral strength across

the RD threshold. Furthermore, the total number of SC lower-tiered winners in a GP also doesn’t

change across the RD cutoff (see Table 2.1). This increases confidence in our claim that the RD ef-

fects are driven by caste differences across the lower-tiered SC representatives andupper-tiered non-SC

representatives andnot something else. Nevertheless, in ourmain regression specifications, we control

for all these covariates.

Qualitatively, we have reasons to believe that the type of lower-tiered representative was unaffected

by reservation. First, the lower-tiered representative’s post was, up until 2016, a relatively low-stakes

one. On paper, a few local government-related issues did involve consultations with the lower-tiered

representatives.43 However, since they never had direct control over funds or implementation, most

lower-tiered representatives were only nominally members of local government. In particular, the

upper-tiered representativewould be unlikely toworry about the lower-tiered representative’s identity

in any ward. Secondly, the window of time available between when announcement of upper-tiered

representative’s reservation status and the actual elections is small. Even if lower-tiered representatives

43For instance, the shelf of MGNREGS projects to be undertaken for a given financial year in a GP was, on
paper, to be arrived at bottom-up, with lower-tiered representatives planning projects in their wards. However,
in practice, this usually plays out with the upper-tiered representative choosing work-sites and projects with
little or no inputs from the lower-tiered representative.
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had to strategically react, to form coalitions across tiers may take longer than the window available.

Finally, we test for whether there was any manipulation in the running variable. Figure 1.5 shows

that we find no evidence that the there was bunching around the cutoff (normalized to zero here) for

the running variable.

Figure 1.5: Figure implements manipula on tes ng procedures using the local polynomial density es mators based
on 28. Robust standard errors are calculated. p value of difference in densi es across the cut-off is 0.61

1.5.2 Results for Caste Differences

Administrative Data

Webegin by showing that the provision ofWASpublic goods is adversely affectedwhen there are caste

differences between upper- and lower-tiered representatives.

Table 1.2 presents the results using regressions specified in equations 2.2 and 3.2. In the presence

of caste differences, wards with lower-tiered SC representatives see 0.14 (40 %) fewer projects being

undertaken in the first year of the scheme’s existence (column 2 of Table 1.2). This is direct evidence
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of significant delays. By end of year 2, differences still results in 0.15 fewer projects, but the effects are

imprecise, since the overall number of projects across the spectrum increases (column 4 of Table 1.2).

Table 1.2: Impact of Caste Differences on WAS Projects and Delays (RD)

Year 1 Year 2

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (SC) -0.10*** -0.14* -0.03 -0.15

(0.04) (0.08) (0.04) (0.13)

Observations 17075.00 17075.00 17075.00 17075.00
Control Mean .29 .49 .59 1.26
Bandwidth 241 241.94 257.2 266.52
Upper Band YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project
was undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken
(Total Projects). Caste differences is the treatment variable which takes the value of 1 if the
SC-GPpopulation is below the population threshold (and hence differences occur). Upper-
tiered representatives are almost always SC above the cutoff and virtually never SCbelow the
cutoff. For SC lower-tiered representatives (who we restrict attention to here), this implies
potential caste matching above and caste differences below. We use CCT triangular band-
widths and estimate fuzzy RD specifications described in the paper (equation 2.2 and 3.2).
We control for GP-level covariates, ward-level covariates and Block-fixed effects. All stan-
dard errors are clustered at the GP-level. *p < 0.1, **p < 0.05, ***p < 0.01.

We do not see similar effects for wards represented by non-SCs (see Tab A.9).

Table A.10 shows that the effects hold even if we halve or multiply the RD bandwidth by a factor

of 1.5.

Thus, consistent with predictions from our model, caste differences lead to more breakdowns in

collaboration between tiers of representatives and this adversely affects WAS public good projects in

lower-tiered SC jurisdictions.

37



Extent of Caste Differences

Ourmodel predicts that the extent of caste differences, captured by the parameterEmatters for collab-

oration. There are many reasons why this could be true in the real world too. The SCs, as discussed

previously, are not a homogeneous whole. SCs higher up in the intra-SC hierarchy have been able

to carve a niche for their own, emerging as sub-castes with considerable social and political presence

and have, to some extent, broken the shackles of the caste hierarchy. Thus, an upper SC, such as a

Paswan, is often seen and treated very differently by non-SCs than a lower SC, such as a Dom. Col-

laborating with upper SCs could prove easier, since there are less notions of pollution attached with

these sub-castes and there are some network overlaps too.

We proxy for caste hierarchies by the socioeconomic wealth of the sub-caste. We calculate wealth

of the sub-caste within each GP using an asset wealth score based on every household belonging to

that sub-caste in the GP. Thus, our wealth scores are constructed from a dataset of over 17 million

households. We proxy for sub-caste using surnames.54 discusses both the creation of the wealth score

and the mapping between surnames and sub-castes in detail. In that paper, we also discuss how caste

hierarchies map very neatly to our socioeconomic wealth score.

We estimate the effects of the extent of caste differences on outcomes in the following manner.

Among our lower-tiered SC representatives (on either side of the cutoff), we restrict attention to those

from the socioeconomically lowest (highest) sub-caste. We then causally estimate the impact of dif-

ferences on this group using our population-based RD employed (and described) above.44 Table 1.3

presents the results for the socioeconomically lowest sub-caste. We see that, as the model predicts,

caste differences are most severe for these sub-castes: they continue to see fewer projects being under-

taken in their jurisdictions even at the end of year 2. On the other hand, as Table A.1 shows, some of

44The gender, education status, age and poverty score of the socioeconomically lowest (highest) sub-caste
does not change across the cutoff. This gives us confidence that our samples are comparable on either side of
the cutoff.
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the catch-up at the end of year 2 seems to be driven by higher sub-castes among SCs. Note, however,

that everyone seems to suffer equally from delays caused by lack of project implementation by the

end of year 1. This suggests to us that while the extent of the hierarchy matters, it matters more for

catch-up and everyone is discriminated against initially.

Table 1.3: Impact of Caste Differences on WAS Projects and Delays for SC lower- ered representa ves from poorest
sub-caste (RD)

Year 1 Year 2

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (SC) -0.12** -0.21* -0.09* -0.34**

(0.05) (0.11) (0.05) (0.17)

Observations 8746.00 8746.00 8746.00 8746.00
Control Mean .28 .46 .6 1.23
Bandwidth 223 223 223 223
Upper Band YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project
was undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken
(Total Projects). Caste differences is the treatment variable which takes the value of 1 if
the SC-GP population is below the population threshold (and hence differences occur).
Upper-tiered representatives are almost always SC above the cutoff and virtually never SC
below the cutoff. For SC lower-tiered representatives (who we restrict attention to here),
this implies potential caste matching above and caste differences below. We use CCT tri-
angular bandwidths and estimate fuzzyRDspecifications described in the paper (equation
2.2 and 3.2). We control for GP-level covariates, ward-level covariates and Block-fixed ef-
fects. All standard errors are clustered at the GP-level. *p < 0.1, **p < 0.05, ***p < 0.01.

Survey Data

To understand how caste differences affect the manner in which projects are undertaken, we inter-

viewed lower-tiered representatives45 in whose wards at least one WAS project had been completed.
45These were phone interviews.
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These wards were sampled fromGPs that fall on either side of the RD cutoff (within a bandwidth of

100). Thus, we have exogenous variation in caste differences among our sampled lower-tiered repre-

sentatives.

We present results with the following caveat: while there is exogenous variation in the upper-tiered

representative, the results are not strictly causal. Wards where projects have been completed and there

are caste differencesmaybe verydifferent fromtheir counterpartswhere there arenodifferences. Thus,

we are not looking at strictly comparable wards on either side of the RD cut-off. Two factors mitigate

some concerns: first, we control for observable ward characteristics in our regression (including age,

gender and educational qualifications of representative); second, as of May 2019, a majority of SC

wards have undertaken projects in GPs on either side of the cutoff. Thus, it is likely that at least some

of the wards where projects are undertaken are directly comparable, even in the absence of controls.

With that caveat in mind, Table A.2 presents the results. We find that caste differences result in

more reported incomplete projects (Table A.2, col (1)) and wait-times to begin projects once a ward

is “selected” also rise (Table A.2, col (2)). Moreover, lower-tiered representatives report facing signifi-

cantly more obstacles created by the upper-tiered representative (Table A.2, col (4)).46

We now present another piece of survey evidence using data from our experiment baseline. As

part of our experiment, we randomly sampled lower-tiered SC representatives in whose wards WAS

projects had not been undertaken and, to a random subset, offered to file complaints on their be-

half. Mechanically, some of these wards lie in GPs that fall on either side of the RD cutoff.47 We test

whether take-up varies when the upper-tiered representative is randomly SC (using specifications in

equations 2.2 and 3.2).

A similar caveat to the results in Table A.2 apply here. While there is exogenous variation in caste

46Table A.13 shows that on dropping GP- and ward-specific controls, the effect sizes remain the same, but
the standard errors increase to make most results insignificant at the 10 % level of significance.

47Note that we did not purposively sample wards that fall within a specific bandwidth of the cutoff, but
restricted our attention to all wards where WAS projects had not yet been undertaken.
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differences, wards where projects have not occurred and there are differences may be very different

from similar wards in GPs with no caste differences. In addition to the two mitigating factors men-

tioned above, we have a third here: our experimental wards covered a large subset of wards since there

was variation in the number and types of projects undertaken in their jurisdictions. Any ward with at

least one of the 2 WAS types of projects not being undertaken was part of our experimental sample.

Thus, a ward with absolutely no WAS projects represents a very egregious violation of the rule and

those with at least one project is more representative of a typical ward.

Table A.3 presents findings: caste differences increase the likelihood that the lower-tiered represen-

tative reports that projects have not been undertaken because the upper-tiered representative refuses

to release funds. Furthermore, col (2) shows that they are more likely to report that the upper-tier

fund problem is because of caste-favoring48.

Tables A.2 and A.3 are, as explained, drawn from two separate samples of wards on either side of

the cutoff. Together, these samples cover the universe of wards i.e wards where there are no projects

(Experimental Sample), there is only one WAS projects (Experimental Sample/Survey Sample) and

where both WAS projects have been undertaken (Survey Sample). The fact that caste differences re-

sults in greater reported impediments – particularly those caused by the upper-tiered representative

for all these samples – across both these samples suggests to us that implementation of WAS projects

is affected when there are differences.

1.5.3 Econometric Strategy 2: RD for Sub-caste Differences

Two representativesmatch on sub-caste lines if (i) their broad caste categorymatches and (ii) their last

names also match. This definition of matching is used in54.

48This could be mechanically true. However, the sign and magnitudes don’t change even when we restrict
our sample to only those wards that report an upper-tiered fund problem, we find that there is 11 percent-
age point drop in likelihood of the caste matched lower-tiered representative saying this was because of caste-
favoring (p = 0.22, n = 587)
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We causally estimate the impact of differences across sub-castes in the following manner. First, we

restrict our attention to GPs where the upper-tiered representative’s election was close. We then con-

sider wards that within these GPs who lower-tiered representatives are of the same sub-caste as either

the winning or the losing candidate. Again, following26, we estimate a sharp RD design with covari-

ates and our primary specification uses a local linear regressionwithin theCCT triangular bandwidth.

The main estimating equation is as follows:

Again, following26, we estimate a sharp RD design with covariates and our primary specification

uses a local linear regression within the CCT triangular bandwidth. The main estimating equation is

as follows:

Yij = β0+β11(VoteMargini > 0)+β2(VoteMargini)+β3(VoteMargini)∗1(VoteMargini >= 0)+ηij

(1.10)

whereYij is project-level outcomes fromGP i andward j;VoteMargini represents the share of votes

polled by the upper-tiered politician in the election. ηij represents the error term.

Threats to Validity

Our main treatment and control groups emerge from settings where there is a close election at the

upper-level and some lower-tiered representative belongs to the either of the two upper-tiered sub-

castes. Thus, any close-election RD of this sort may not be valid if there is some shock in a non-

matched neighboring ward that simultaneously influences both who comes to power in the upper-

tiered election and who becomes a representative in the neighboring ward. This is extremely unlikely

in our setting since we have over 13 wards in every GP, so any single ward is unlikely to influence

outcomes of the upper-tiered representative’s election. Second, it is unclear that neighboring wards

will have influence over how elections proceed in local wards.
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1.5.4 Results for Sub-Caste Differences

Table A.4 documents the results: sub-caste differences negatively affects project implementation at

the end of Year 2. Overall, the results suggest that being exogenously assigned to an upper-tiered rep-

resentative of one’s own own sub-caste increases the likelihood of projects being undertaken by 8%

(column 1). Columns (2) and (3) measure impacts of differences for two separate samples: GPs “re-

served” for SCs at the upper-tier and those not reserved. Oncemore – as we saw previously in the case

for caste differences – upper-tiered SC representatives do not discriminate across ethnic lines. It is the

upper-tiered non-SC representative who is more likely to favor their own sub-caste group.

Section A.3 in the appendix presents additional evidence that caste differences with the upper-

tiered bureaucrat (the BDO - block development officer) adversely affects WAS projects.

Taken together, all these disparate pieces of evidence point to the fact that collaboration break-

downs are likelier to occur in the presence of caste differences. This effect is driven by SC lower-tiered

representatives. It manifests in fewer projects, more delays and more hurdles in implementation.

1.5.5 Discussion: Whydocastedifferencescausecollaborationbreakdowns?

Ethnic Discrimination orHomophily?

In this section, we present evidence on whether the hierarchical nature of the caste system affects out-

comes. To fix ideas, we define two types of biases. “Homophily” occurs when there is bias towards

one’s own caste. “Discrimination” occurs when bias manifests only towards those lower in the hier-

archy. We argue that, in our setting, it is discrimination that is more common than homophily.

We begin by emphasizing the asymmetric nature of the impact of differences. Table 1.2, as de-

scribed above, shows that lower-tiered SC representatives are less likely to implement projects when

governing under non-SC upper-tiered representatives. On the other hand, Table A.9 shows that non-

SC lower-tiered representatives do not face any difficulties in implementing projects while working
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with SC upper-tiered representatives.49 These results suggest that non-SC upper-tiered representa-

tives practice discrimination, while their SC counterparts do not. Seen another way, non-SCs are not

holding up projects in SC wards because they are implementing more projects in non-SC wards.

We find no evidence that non-SCs discriminate more when there are more of their own type. We

test for this in the following manner. The median non-SC upper-tiered representatives has 3 lower-

tiered representatives belonging to their own broad caste category.50 We partition our non-SC upper-

tiered sample into 2: (i) those that had above 3members from their own broad category (ii) those that

had under 3 members from their own broad category. We run the RD separately across these two

samples. Our regressions control for the total number of wards and the number of SC wards in the

GP.TableA.14 presents results. We find no difference in outcomes for SC lower-tiered representatives

across these two types of GPs. While these results are not strictly causal, they still seem to indicate that

non-SCs do not hold up projects in SC wards because they are substituting it with projects in their

own wards.

On the surface, our sub-caste differences results could point to homophily (Table A.4). Unlike

our population-based RD sample, the close-election RD sample is not restricted to differences that

are hierarchical in nature. However, we have reason to believe that sub-caste differences could also

be a product of caste hierarchies. Sub-caste differences don’t matter in cases where GPs have an SC

upper-tiered representative. Indeed, as column (2) of the table shows, the entire effects of sub-caste

differences are driven by non-SC upper-tiered representatives. This, once more, suggests to us that

SCs are less likely to discriminate than non-SCs.

Our surveys allow us to piece together a narrative of how hierarchical discrimination affects SC

49Non-SCs are not a homogeneous whole. Non-SCs could be General Castes, OBCs, EBCs or STs. So,
focusing on a collection of these groups gives us the impact of going from potential no differences (to the left
of the cutoff) to definite differences (to the right of the RD cutoff, since upper-tiered representative is always
SC). Thus, the effect sizes are muted by design. But the presence of positive coefficients assuages concerns that
what we are mistaking for non-discrimination is a weak negative effect muted by a preponderance of nulls.

50(The four broad categories we have data for are: Extremely Backward Castes, Other Backward Castes,
General and Scheduled Castes)
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lower=tiered representatives. They aremore likely to report that the upper-tiered representative favors

their own caste when there are differences (col (2) of Table A.3). They also are less likely to informally

approach their upper-tiered representatives to discuss starting projects (col (4) of Table A.3). The

upper-tiered non-SC representatives are more likely to be reported as the main impediment during

project implementation ((col (4) of Table A.2).

Thus, while caste differences could worsen public good outcomes through a combination of both

hierarchy-based prejudice and homophily, our results indicate that the former plays a bigger role in

this setting.

1.5.6 Electoral Incentives & Caste Differences

Can electoral incentives override ethnic barriers? We test for this in the following way. We use margin

of victory in the 2016 GP-elections as a predictor of the strength of incentives an upper-tiered repre-

sentative faces. Within each group (SC and non-SC), we calculate the median margin of victory. We

then compare above (below) median SC margin victors with above (below) median non-SC margin

victors. To estimate effects, we run our RD specification separately across the two samples. Thus,

we independently estimate the effects of caste differences across “Small Margin Victors” and “Large

MarginVictors”. We also run balance tests separately across these two samples and none of the control

variables vary discontinuously across the cutoff.

Our results indicate that re-election incentives matter quite strongly. Table 1.4 presents results.

Small margin victors do not differentiate along caste lines. Indeed, the estimates of caste differences

are centred around zero. On the other hand, SC lower-tiered representatives benefit considerably from

matching with large margin victors. Put differently, the effects of caste differences seem to be entirely

driven by areas where the upper-tiered representative is a comfortable winner. 51

51This is a result of two separate factors among large margin victors: first, the non-SC upper-tiered represen-
tative collaborates on fewer projects with SCs (compare control means in Cols (1) and (3) of Table 1.4); second,
a comfortable upper-tiered SC winner considerably outperforms a small margin upper-tiered SC winner.
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Table 1.4: Caste Differences vs Electoral Incen ves (RD)

Small Margin Victors Large Margin Victors

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

Projects (Year 1)
Total

Projects (Overall)
Total

Projects (Y1)
Total

Projects (Overall)
Caste Differences (SC) -0.05 0.11 -0.20* -0.37**

(0.11) (0.15) (0.10) (0.18)

Observations 8511 8511 8564 8564
Control Mean .44 1.23 .5 1.31
Bandwidth 256.38 393.35 307.62 262.29
Block FE YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether anyWAS project was undertaken (Project Under-
taken (Y/N); (b) The total number of projects undertaken (Total Projects). Small margin victors (columns (1) and (2) are
those upper-tiered representatives who won their elections by a margin smaller than the median margin of victory. Large
margin victors (columns (3) and (4)), consequently, are those who won elections by above median margin of victory. We
run the same specification across these two different samples and report results. Caste differences is the treatment vari-
able which takes the value of 1 if the SC-GP population is below the population threshold (and hence differences occur).
Upper-tiered representatives are almost always SC above the cutoff and virtually never SC below the cutoff. For SC lower-
tiered representatives (who we restrict attention to here), this implies potential caste matching above and caste differences
below. We use CCT triangular bandwidths and estimate fuzzy RD specifications described in the paper (equation 2.2 and
3.2).We control for GP-level covariates, ward-level covariates and Block-fixed effects. All standard errors are clustered at
the GP-level.*p < 0.1, **p < 0.05, ***p < 0.01.

The tension between re-election incentives and ethnic barriers can be described more formally by

extending our model. We require that the indirect utility of the surplus s is a function of re-election

incentives. s in our model can be modeled as V(s, θ) where θ is a parameter capturing re-election in-

centives. We require:
∂V
∂s
∂θ >= 0 for our prediction that collaborations are more likely to breakdown

in settings with weak re-election incentives.

1.6 Caste Differences & Filing of Complaints

This section describes in detail how local representatives repurpose the formal complaints technology

to lobby on behalf of their constituents. We show that when there are caste differences, SC lower-

tiered representatives are particularly likely to file complaints with respect to local public goods and

WAS projects. We use data on the universe of nearly 500,000 complaints filed in the first three years of
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the Act being in place. We match data on local representatives to our data on complaints to identify

complaints filed by representatives.52

1.6.1 Lower-Tiered Representatives & Formal Complaints Technology

Lower-tiered representatives have filed over 6000 complaints in the past 3 years. This translates to

them being at least five times likelier than citizens to file complaints under the BPGRA. This discrep-

ancy is even larger for WAS projects: SC lower-tiered representatives are roughly 20 times as likely to

file complaints regarding WAS public goods than citizens. Below, using a close election RD design,

we argue that this increase is not driven by lower-tiered representatives being selected from a class of

politically active citizens. On the other hand, the increase in complaint filing is linked to their explicit

role as implementers of WAS public good programs in their wards.

1.6.2 Econometric Strategy 3: RD for Lower-tiered Representatives

Wecausally estimate the impact of being a lower-tiered representative on complaint filing using a close-

election RDD.We restrict our attention to the top 2 candidates in every ward.53 Again, following26,

we estimate a sharp RD design with covariates and our primary specification uses a local linear regres-

sion within the CCT triangular bandwidth. The main estimating equation is as follows:

Yij = β0+β11(Votesij > Tj)+β2(Votesij−Tj)+β3(Votesij−Tj)∗1(Votesij >= Tj)+γ∗Xij+ψ+ηij

(1.11)
52Wematch the two dataset using phone numbers. Unlike string matches used in other cases, these matches

are extremely precise – since phone numbers function as a unique 10 digit string that links both the complaints
dataset and the dataset on local representatives. However, insofar as politicians numbers use multiple phone
number – a not uncommon occurrence in our setting – our results could be under-estimates of the true rate of
complaining by local representatives.

53We drop uncontested wards altogether.
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Figure 1.6: Figure shows the impact of caste differences on projects being undertaken in the first year of the WAS
schemes being fully in place. We cluster standard errors at the GP level. CCT triangular bandwidths are used.

where Yij is the outcome variable of interest - usually, the number and types of complaints filed by

the lower-tiered politician i fromward j;Votesij represents the number of votes polled by politician;Tj

represents the mean of the votes polled by the first and second candidates from ward j, Xij represents

candidate-level controls including age, gender and education of candidate; ψ represents GP or Block

fixed effects, ηij represents the error term.

Results

Figure 1.6 shows that lower-tiered narrow SC winners are twice as likely to file grievances than their

losing counterparts. Table A.5 shows that for local administration andWAS-related issues, the overall

trend is evenmore pronounced for SC lower-tiered representatives. Themean complaint filing rate for

narrow SC losers regardingWAS projects is very nearly zero. Thus,WAS grievances by representatives

are not driven by their political activism, but more by their role as implementing partners of WAS

projects.
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1.6.3 Results for Caste Differences & Filing of Complaints

We once again turn to our population-based RD strategy from section 1.5 to measure the impact

of caste differences on complaint filing. Panel A of table 1.5 presents the results. SC lower-tiered

representatives are less likely to file a grievance when exogenously governing under an SC upper-tiered

representative. Crucially, they are much less likely to file a grievance that is public in nature (column

1) or pertains to the department handling GP-administration (column 2). Analysing the text of the

complaint, we find that caste differences lower the likelihood of the upper-tiered representative being

directly named (column 4) or the ward being mentioned (column 3).

As a robustness check, we test to see if complaint filing for non-SC lower-tiered representatives is

affected across the RD cutoff. Panel B of table 1.5 presents the results - no such pattern emerges.54

Another robustness check is to see if complaints related to private issues change differentially across

the RD cutoff. Col (6) of Table 1.5 shows that caste differences have no impact on the likelihood of

filing private complaints.

We now discuss if caste differences affect complaints regarding WAS schemes. As discussed pre-

viously, while collaboration across tiers is important across a host of government programs, WAS

schemes mandate collaboration in explicit terms. Furthermore, WAS project outcomes are worse

when there are caste differences.

Domarginalized lower-tiered representatives use the formal complaints technology to signal break-

downs in collaboration regarding WAS projects? Column (4) of Panel A of Table 1.5 shows the re-

sults: caste differences significantly increase likelihood of filing a WAS complaint for SC lower-tiered

representatives.

Oncemore, as a robustness check, we see that there is no such effect for non-SC representatives (col

54A question remains: why don’t we see increased complaint filing for non-SC lower-tiered representatives
when paired with SC upper-tiered representatives in Panel B of table 1.5? One reason, as pointed out in the
Discussion in Section 1.5.5, is that non-SCs are less likely to face discrimination.
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(6) of Panel B of table 1.5).

Wenow corroborate this finding fromour experimental sample. These lower-tiered representatives

have experienced some form of breakdown in collaboration.55 Keeping in mind the caveats regarding

comparability of wards across the RD cutoff from our experimental sample (discussed above), col (5)

of Table A.3 presents the results. Caste matching significantly reduces the likelihood of take-up of

our offer to file complaints in treated wards.

In sum, these results form robust evidence that caste differences increase the likelihood of com-

plaints being filed by SC lower-tiered representatives. This is in line with the predictions from our

model. However, our model also indicates that increased complaints alone is not enough to conclude

that the formal complaints technology is effective at improving collaboration. To test if the formal

complaints technology has “bite”, we run a field experiment which we describe in the following sec-

tion.

55This is particularly true of those wards where neither WAS project was undertaken.
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Table 1.5: How do caste differences affect complaining rates?

PANEL A: SC Lower-Tiered Representatives

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

Government
Public
Goods

WAS
Goods

Mention
Ward

Placebo
Private

Caste Differences (SC) 0.027** 0.046** 0.029** 0.014** -0.000
(0.014) (0.019) (0.014) (0.006) (0.011)

Observations 15821 15821 15821 15821 15821
Control Mean .02 .03 .02 0 .02
Upper Band 222.14 213.5 217.97 262.82 288.7
Block FE YES YES YES YES YES

PANEL B: Non-SC Lower-Tiered Representatives

(1) (2) (3) (4) (5)
e5

Caste Differences (NSC) 0.005 0.005 0.005 0.003 0.012*
(0.006) (0.008) (0.004) (0.004) (0.006)

Observations 49629 49629 49629 49629 49629
Control Mean .01 .02 .01 .01 .01
Upper Band 170.5 188.56 224.77 184.57 156.48
Block FE YES YES YES YES YES

Outcome variables are as follows: in column (1), we look at whether a grievance is filed by the lower-
tiered representative; column (2) indicates whether a public grievance is filed; column (3) refers to
whether a grievance is filed regarding GP-administration; column (4) indicates whether a grievance
was filed that directly named the upper-tiered representative; column (5) indicates whether the text
of the grievance contained the term “ward”. In panel A, Caste differences is the treatment variable
which takes the value of 1 if the SC-GP population is below the population threshold (and hence
differences occur). For SC lower-tiered representatives (whowe restrict attention tohere), this implies
potential caste matching above and caste differences below. In Panel (B), Caste Differences (NSC) is
the treatment variable which takes the value of 1 if the SC-GP population is above the population
threshold. We useCCT triangular bandwidths and estimate fuzzyRD specifications described in the
paper (equation 2.2 and 3.2).We control forGP-level covariates, ward-level covariates and Block-fixed
effects. All standard errors are clustered at the GP-level.*p < 0.1, **p < 0.05, ***p < 0.01.
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1.7 Experiment

In this section, we describe our experiment in detail. Our main aim is to understand how filing

grievances affects WAS project implementation in wards. We go over our experimental design, esti-

mating equations, main results; we discuss patterns in adoption of the formal complaints technology

and perform a simple cost-benefit analysis of our main treatment arm.

1.7.1 Experimental Design

Main Questions

The purpose of the experiment is to understand how, if at all, complaint filing by incumbent lower-

tiered representatives frommarginalized groups affects provision of water-and-sanitation (WAS) pub-

lic goods in their jurisdictions. Specifically, we seek to answer the following questions:

1. Does complaint filing by SC lower-tiered representatives initiate construction of WAS public

goods in these jurisdictions?

2. Are there spillover effects of complaint filing - i.e does complaint filing by a lower-tiered rep-

resentative in one jurisdiction result in more (a) complaint filing and (b) WAS public good

construction in jurisdictions of other lower-tiered representative close to treated jurisdiction?

Treatments

All treatments are administered over the phone in our setting. The experiment comprises two treat-

ments arms: a complaint filing assistance treatment and an information-only treatment.

In the complaint filing assistance treatment arm, we call randomly sampled SC lower-tiered rep-

resentatives where, as per official records, no WAS project has been undertaken and provided them
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information about the formal complaints technology and offer to file grievances on the representa-

tives’ behalf. Our main objective here is to measure the impact of complaint filing on WAS public

good provision.

In the information only treatment arm, we call randomly sampled SC lower-tiered politicians and

only provide information. The key difference from the complaint filing assistance treatment arm is

that we do not offer to file grievances. Our main objective here is to see if information alone suffices

to increase the number of grievances filed.

Design

On piloting, we realized that the official data is observed with a lag. About a third of wards that have

“nowok” in the official data actually have bothWASprojects either completed or ongoing on checking

with representatives/visiting wards.

We, therefore, decided to have a set of screening questions to weed out such wards. Once we as-

certain that at least one of the two WAS projects have not been undertaken - based on the ward rep-

resentatives’ testimony during the call - we then proceed to randomly offer to file grievances on their

behalf.

The complaint filing treatment is carried out as follows: first, a call is made to a randomly sampled

SC lower-tiered representative in whose ward, as per official data, WAS projects have not been under-

taken. Subsequently, we screen out wards where the representative claims that at least one project has

been undertaken. Once a representative clears the screening, she is randomized (with equal probabil-

ity) into one of two arms: (a) treatment arm where she is given information about the formal com-

plaints technology and then offered the chance to file a complaint regarding non-implementation of

WAS projects in her ward or (b) a control armwhere she is given information about other welfare pro-

grams implemented on a priority basis by the state government. Once a complaint is filed in treated

wards, a follow-up reminder call is sent to the representative the day of the first hearing of the com-
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plaint.

The information-only treatment mirrors the process in the complaints filing assistance arm with

the key difference being that lower-tiered representatives are not offered the choice to file complaints

through our enumerator. Control group representatives are randomized into the control group after

screening questions ensure that they are eligible for treatment. Control group members are provided

information too - about key government schemes, aside from the water and sanitation, that have been

introduced by the incumbent government.

TheAppendix (SectionA.7) hasmoredetails on the sampling and randomization. Ourpre-analysis

plan has a comprehensive set of details on our outcome variables and empirical strategy.56

Sample selection

While the sample was randomly drawn from the population, we could only get through to about half

the lower-tiered representatives over the phone. The main reason for our inability to get through to

more representatives was because phone numbers were switched off or not reachable.57 Table A.7

compares the population with our sample on observables - while the sample is representative along

most dimensions, contacted lower-tiered representatives are likelier to be somewhat less educated,

marginally younger and would have obtain 3 more votes on average than the population. Based on

the small magnitudes of these differences, we are confident, if not certain, that the estimates from our

experiment cannot be vastly different from what we would have seen with our ideal population.

56This study is registered in the AEA RCT Registry and the unique identifying number is: AEARCTR-
0004308.

57We attempted to get around this problem by trying to call neighboring lower-tiered representatives for
information on experimental representatives’ phone numbers. However, we did not pursue this strategy too
strongly for fear of contaminating spillover effects. An easy source of phone numbers would have been upper-
tiered representatives themselves, but, for obvious reasons, we felt it unwise to use them as the source.
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1.7.2 Experimental Regressions

We causally estimate the impact of filing complaints on behalf of (or providing information on formal

complaints technology to) lower-tiered representatives on a host of outcome variables - including the

quantity and quality of projects that occur/complaints being filed in treated/spillover wards – from

our experiment. We estimate two main types of regression equations.

ITTDirect Impact

Yig = β0 + β1 ∗ Tig + X+ S+ ηig (1.12)

here,Yig could includewhether a projectwas initiated (as per official data or endline survey), project

completed, total projects undertaken, totalmoney spent onprojects andwhether a complaintwas filed

in ward i of GP g. X is a vector of controls at the GP and ward-level. S indicates block fixed effects. Ti

takes the value of 1 if the lower-tiered representative i is treated with either of two treatment arms.

ITT Spillover Impact

To measure within-GP spillovers in complaint filing, we first ask and identify who the closest lower-

tiered representatives are to participants in the experiment. We restrict our attention to a maximum

of 3 such representatives. Next, we run:

Nig = β0 + β1 ∗ Tig + Cig + X+ S+ ηig (1.13)

where Nig could include, among others, the number of close wards where, after the experiment,

(a) WAS projects have been undertaken or (b) complaints are being filed by representatives. Cig is the

number representatives who are deemed “close” by the experimental lower-tiered representative.
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1.7.3 Experimental Results: Complaint Filing Assistance Treatment

Wehave, thus far, shown that caste differencesworsenpublic goodprovision. Wenow turn towhether

increasing access to a formal complaints technology changes outcomes. In this section, we focus on

ourmain treatment arm runover 1487 SC lower-tiered representatives. We randomly selected 727 and

provided them information about the formal complaints technology and offered to file complaints on

their behalf. Below, we describe effects of treatment on WAS projet initiation in treated and neigh-

boring wards.

WAS Public Good Provision

Our complaints filing assistance treatment significantly improved the likelihood of lower-tiered rep-

resentatives filing complaints. The difference in complaint filing between treated and control repre-

sentatives is 41 percentage points (see Figure 1.8) as per administrative data.

We now turn to impacts on projects being undertaken. We focus on three outcome variables from

our Endline survey:58 (i) whether the problem preventing projects from starting had been resolved,

(ii) whether projects had, consequently, started and (iii) number of projects that had started or had

started this week.

Figure 1.7 plots treatment effects for our main estimating equation.59 The complaints filing assis-

tance treatment had strongpositive effects onproject initiation. Treatment improves project initiation

by 6.4 p.p over a control mean of 26 p.p. This translated to a 24% increase in the likelihood of project

initiation. The effects are even stronger if we look at project initiation up to the end of the current

week: 33%. Table 1.6 lists out the effects across specifications. The results are robust to changing the

level of fixed effects and adding additional controls.

58Outcomes were pre-registered.
59This specification - with block fixed effects - is our pre-registered specification.
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Figure 1.7: Figure plots impact of the complaint filing assistance treatment on outcomes. “Problem Solved” is a binary
that captures whether the problem preven ng projects from star ng at baseline had been resolved; “Project Started”
is a binary that captures whether projects had started; “Total Projects Started/To Start This Week captures number of
projects that have been started or are to start this week. Block fixed effects are added. This graph plots outcomes based
on our pre-specified regression equa on: this includes GP-level controls, block fixed effects and unclustered standard
errors.
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Table 1.6: ITT Impact on WAS projects in a ward (Endline Survey)

PANEL A: Problem Solved

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

Treatment 0.10*** 0.07*** 0.07*** 0.10***
(0.03) (0.03) (0.03) (0.03)

Control Mean .41 .41 .41 .41
PANEL B: Total Projects Started/Starting This Week

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

Treatment 0.11*** 0.08*** 0.09*** 0.11***
(0.04) (0.03) (0.03) (0.04)

Control Mean .34 .34 .34 .34
PANEL C: If Project Started

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

Treatment 0.06** 0.04* 0.04* 0.06**
(0.03) (0.02) (0.02) (0.03)

Control Mean .27 .27 .27 .27
Observations 1370.00 1370.00 1370.00 1370.00
FE Block District SubDivision Block
Cluster NO NO NO YES
Pre-Specified YES NO NO NO

Table delineates the impact of the complaint filing assistance treatment onour threemain
outcome variables across different specifications. Each panel lists a different outcome.
The first column - i.e specification (1) - across all three outcomes is our pre-specified esti-
mating equation. Other columns vary the level of fixed effects and cluster errors at differ-
ent levels. All regressions contain GP-level controls.*p < 0.1, **p < 0.05, ***p < 0.01

If we assume that the reduced form ITT impacts on project completion come only from the indi-

viduals that indeed filed complaints, then the ToT impact is 52%. However, the exclusion restriction

could not hold in this context: for instance, it is possible that that the threat of filing a complaint was

enough to ensure projects were initiated.

Overall, it appears that the complaints filing assistance treatment did significantly improve out-

comes in the treated group. In the Appendix section A.5, we investigate whether our treatments

caused backlash or threats against lower-tiered representatives in the study. While the point estimates
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in Table A.16 on our measures of backlash are all positive, we find no statistically significant impacts.

This suggests that lack of faith in the state or other costs of filing (information, transaction costs of

filing complaints, mediation) could be more binding costs.

Spillovers in Complaining

To calculate spillovers in complaint filing, we restrict our attention to GPs that have only one experi-

mental ward. This excludes a mere 25% of GPs from our sample. We then test the impact of having

either one treated or one control ward in the GP on complaints filed by non-experimental wards from

that GP.

Table 1.7 sheds light on this question using administrative data on complaints filed. Having a

treated neighboring lower-tiered representative significantly increases the likelihood that a represen-

tative files grievances. Indeed, for WAS related grievances, having a neighboring treated ward more

than doubles the likelihood of complaints being filed. The filing rate increases from 0.23% to 0.53%

in these neighboring wards.

Spillovers in Projects Undertaken

To understand if projects are undertaken in neighboring wards, we conducted interviews with one

randomly sampled neighboring representative in whose wards projects had not yet been undertaken

(as per official data) from GPs that had exactly one experimental ward. We were able to contact one

such representative in over 96% of these GPs.

Table 1.8 presents the results. Neighboring wards report more projects being undertaken in the

post-intervention period. In particular, wards neighboring treated wards are 8 p.p (40%) more likely

to report that any project had been undertaken in the post-experimental period. The effect sizes vary

considerably by the type of fixed effects we put in (col (3) and (4)), but, for our pre-specified and
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Table 1.7: Spillover Impact of Treatment on Complaint Filing

Impact of Treatment on Complaints Filed in NeighbouringWards

(1) (2) (3)
Complaints Local Admin WAS

Treated GP 0.0049** 0.0024** 0.0030**
(0.0020) (0.0012) (0.0012)

Mean .0051 .0024 .0023
Observations 1.0e+04 1.0e+04 1.0e+04
Block FE YES YES YES
GP Controls YES YES YES

Outcome variables are as follows: (1) Total complaints per ward; (2) Total local administration-
related complaints per ward; (3) Total WAS project-related complaints per ward. All regressions
restrict attention to GPs with only one experimental ward (either treatment or control). These
form 75% of our GPs. All regressions include all non-experimental lower-tiered representatives
(for whom data is available) in these GPs. Standard errors are clustered at the GP-level.*p < 0.1,
**p < 0.05, ***p < 0.01

preferred specification, the effects are both large and significant.

Threat & Direct effects?

Ourmodel predicts that a formal complaints technology improves public good provision in twoways.

First, there exists a “threat” effect, driven by the fact that the upper-tiered representative, anticipating

the prospect of a lower-tiered representative filing complaints, collaborates more. The second is a

direct effect, occurring through the formal complaints technology. Our main experiment’s impact is

a combination of these two effects.

We argue that the spillover results provide suggestive evidence of the “threat” effect. Treatment did

not cause a large increase in complaint filing in neighboringwards (as shown above). Table 1.7 restricts

the set of neighboring wards to those we surveyed as part of our endline survey of neighboring wards.

Remember, these are wards where projects had not yet been undertaken. Here, the effect sizes on

complaining are, as expected, larger – treatment results in a 2.5 p.p increase in likelihood of complaints
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Table 1.8: Spillover Impact of Treatment on Projects Undertaken

Impact on neighbouring wards

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

Undertaken(Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Treated GP 0.08** 0.10* 0.04 0.05

(0.04) (0.05) (0.03) (0.04)
Constant 0.20 0.22 0.31*** 0.29**

(0.14) (0.19) (0.09) (0.12)

Observations 788.00 780.00 918.00 908.00
Fixed Effects Block Block District District

Outcome variables are of two types: (1) and (3) IfWAS project was undertaken in the neighbor-
ing ward; (2) and (4) Total WAS projects undertaken in neighboring ward. All regressions are
run over our one randomly sampled ward from GPs with only one experimental ward (either
treatment or control). These form 75% of our GPs. All regressions include one randomly sam-
pled non-experimental lower-tiered representative in whose wards projects were stalled in these
GPs. Standard errors are clustered at the GP-level. Block fixed effects are added in columns (1)
and (2); GP fixed effects are added in columns (3) and (4). *p < 0.1, **p < 0.05, ***p < 0.01

being filed. Still, as noted before, we see an increase in project provision in the samewards by 8 p.p (col

(1) of Table 1.8 runs the same specification). The gap between these two numbers – the additional 5.5

p.p – is suggestive evidence of the threat effect being in place. These are representatives who did not

file any complaints, yet, by virtue of being in a GP where there exists a treated ward, they see projects

being undertaken in their wards.

While we believe that this is the impact of a threat effect being in place, there could be alternate

explanations. For instance, the upper-tiered representative could simply find it easier to undertaken

multiple projects in one go, if there are some economies of scale in implementation. However, this

is unlikely, since the median GP has undertaken 9 projects over 2 years. This implies that there are

projects being undertaken frequently and if economies of scale has to kick in, it should do so anyway.

61



1.7.4 UnderstandingConstraintstoAdoptionofFormalComplaintsTech-

nology

Information Treatment

Aside from our complaints filing assistance treatment arm, we ran a smaller experiment with a sample

of SC lower-tiered representatives where we offered them information about the formal complaints

technology. These respondents were told of where to file grievances in person and also given the call-

centre’s toll-free number. We did not, however, offer any filing assistance.

We find that information alone increases filing rates, but at a relatively lower rate. Compared to the

control group, information results in 7 p.pmore grievances (see Figure 1.8). Compare this to our com-

plaint filing assistance treatment arm where complaints filed increased by 41 p.p. Thus, information

is a constraint, but there are other costs to grievance-filing that make it less commonly used.

Other Constraints

In our setting, complaints can be filed in three ways: via the phone, via the internet and in person.

During piloting, we experimented with trying to get lower-tiered representatives to file complaints

via the phone. This proved extremely difficult, since complaint filing is a complex process, involving

clear communication of the nature of the problem that extends beyond yes-no binaries. The call-

centres were manned by urban youth; the representatives speaking to them were leaders, but from

extremely marginalized groups in villages. As per government data, the median SC representative is

barely literate, having not even completed primary school. As one research associate who listened in

on these conversations evocatively put it: “it was as if they were from different countries”. Only 3 % of

complaints are filed via the call-centre. If complaining via the phone is difficult, accessing the internet

and filling up text on an online portal is even harder. Thus, an intermediary is necessary for both these

ways of filing complaints. These results echo closely the work of45, who finds that information and
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Figure 1.8: Figure plots the impact of (a) our filing assistance treatment (b) our informa on only treatment.
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mediation are both crucial factors in helping marginalized citizens access the state.

Complaining in person is easier to navigate relative to via the phone or the internet. This is because

the grievance centres often have trained operators who convert verbal or written complaints into a

standardized format that is fed into the online system. However, there is one grievance centre for

every 80 GPs on average. Traveling to these centres is costly. Our survey estimates put it at INR 140

per trip and the loss of a full day’s wage. Indeed, as figure ?? shows, the number of complaints filed

falls away sharply as distance to the grievance redressal centre increases.

Two possible policy solutions emerge tomake complaint filing less costly: first, re-locate complaint

filing centres closer to representatives’ villages; second, create intermediaries and/or re-train call-centre

youth to be more sensitive to a wider range of callers. The government is experimenting with the

former, but the cost-benefits of the latter are easier to estimate. We attempt to do this below.

1.7.5 Estimating Costs & Benefits

Weexamine cost-effectiveness of the intervention in creatingpublic goods in lower-tiered jurisdictions.

Thebaseline surveyhired ten enumerators on average and ran for 25days. Subsequent follow-upswere

conducted with a smaller team of 3 surveyors for another twenty days. The total amount paid to the

survey company was Rs. 341020. In addition, the office and staff costs at the IDFC Institute for the

pilot and intervention period is estimated at 375,000. About 25% of those offered treatment attended

hearings. Our survey estimates suggest that, conditional on doing so, the median respondent attends

2 hearings. We assume that the opportunity cost of attending hearings to be INR 220 (1.25 times

the daily minimum wage). The total costs of the intervention, therefore, amount to 791990 Indian

Rupees or $11,314.

Our primary measure of benefits is the total monetary costs of the public goods created. Our

treatment impact on public good creation varies from an increase in 6.4 percentage points (currently

started) to 11 p.p (includes projects to start within a week). This translates to an additional 46-80
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projects in treated areas. Themedian project in SCwards costs 559900 in the administrative data. We

extrapolate to estimate total costs of additional projects to be between 26 million ($360,000) to 45

million ($628,000) rupees. The cost per incremental dollar delivered is 1.8 - 3.1 cents. Note also that

we

The true benefits can vary significantly. If, eventually, control wards “catch up”, then our estimates

may overestimate the true benefits. Furthermore, the reported monetary costs of these projects are

anecdotally higher than true costs of financing them. However, even halving the cost estimates still

results in an estimated surplus of 12.5-20 million rupees.

We have reason to believe that thesemay actually be significant underestimates. We do not consider

the spillover effects onto neighboring wards. As described above, WAS public goods are essential to

ensuring connectivity and access to potable water at the household level. The true welfare benefits

- emanating from factors as diverse as reductions in the disease-burden from clean water to a fall in

transaction costs due to better roads – could be immense. Moreover, these are intention to treat es-

timates – only half of those offered treatment agreed to file complaints. Finally, the opposite of the

“catch-up”mechanism could occur, resulting in awidening gap between treatment and control wards

over the course of time. Overall, these estimates suggest that phone-basedmediation could be cheaply

applied to large and important public good programs and create substantial economic benefits.

1.8 Conclusion

This paper provides two key pieces of evidence from the Indian state of Bihar: first, using a natural

experiment, we show that caste differences between tiers of local government adversely affect imple-

mentation of key water and sanitation public good programs in jurisdictions governed by ethnic mi-

norities. Second, we document a novel strategic response on their part - to use formal complaints tech-

nologies to signal breakdowns in collaboration within local government. Our RCT shows that these
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mechanisms can prove to be powerful tools for local members of the state to lobby for better public

good provision. Thus, on thewhole, we draw the following conclusions: first, the ethnic composition

of the local state matters for public good provision and second, that a formal complaints technology,

properly designed, can be used to right some of the collaboration breakdowns caused by ethnic differ-

ences. More broadly, formal complaints technologies give voice to elected local representatives from

disadvantaged backgrounds, improving their strategic bargaining power with upper-tiered members

of the local state.

An interesting aspect of our setting is that the formal complaints technology was designed primar-

ily for citizens. Lower-tiered representatives repurpose the technology to lobby for public goods on

behalf of their constitutents. One implication is that a formal complaints technology can be used

not merely to solve individual complaints of citizens against the state – as is common practice aross

the world – but by lower-tiered members of the local state themselves to petition on behalf of their

constituents.

Our findings, therefore, speak to two different policy agendas in developing country settings: first,

it complicates our understanding of how formal complaints technologies should be designed and their

role in making the state more accountable; second, it also contributes to the thinking around making

decentralization most effective, by arguing in favor of an active formal complaints technology to be

used bymembers of the local state. While ethnic quotas are oneway inwhich ethnic tensions between

tiers of government can be broken, they are blunt instruments that occur only at specific (mostly five-

year) intervals. Furthermore, not all seats can be reserved under ethnic quotas – often only a small

proportion are at any given point in time. The presence of a formal complaints technology provides

an alternate, nuanced and real-time option.

One limitation of this paper is that it doesn’t speak about the role citizens play in formal complaints

technologies. We have projects lined up with the Government of Bihar that aim to understand how

formal complaints technologies can be used to improve welfare of citizens. Our companion papers
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will look into these. Another limitation is that it doesn’t delve into what makes this particular formal

complaints technology effective. Our ongoing partnership with the state has given us some under-

standing of the nature of the political and bureaucratic will, the incentive structures for high-level

bureaucrats to perform their duties as grievance redressal officers and the systemic tweaks being made

to build an effective platform. We hope to rigorously document these in future work.

We are currently working with the state on a scale up of our filing assistance intervention. This will

allow us a rich laboratory to study these – and other – questions in the coming years.
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2
The Distributional Consequences of

Political Reservation
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2.1 Introduction

Across the world, inequality has been rising for decades4. A common tool to tackle inter-group in-

equality has been affirmative action policies in favour of minorities. We focus on one type of affirma-

tive action policy: ethnic quotas in local government – or “political reservation” – for members from

socioeconomically disadvantaged groups. Do such policies effectively address inter-group inequality

in the short- and medium-run? If yes, is there an equity-efficiency trade-off? If they prove successful

in reducing inequality, do they cause any backlash frommajority group members?

In this paper, we provide quasi-experimental evidence on these questions. To do so, we bring to

bear data on public goods from the universe of 45,000 villages in the Indian state of Bihar and private

asset data from the state’s 1.7 million rural households. We focus on three types of inequalities: those

in access to key public goods, accumulation of private assets and participation in local politics. We

first show that having a minority group leader in local government increases targeting of key public

goods towards areas where minorities live. We then show that this affirmative action policy also has

a modest effect on inequality in private assets between majority- and minority-group members in the

population. Using data from a primary survey of nearly 8,000 households, we show that these ef-

fects persist in the medium run, a full 13 years after the quotas are first implemented. This extends

to effects in political arena: a decade of being exposed to a minority leader increases the number of

minority candidates and winners in local elections, even in the absence of quotas. We then present,

using a second natural experiment, some tentative evidence of backlash against the policy: an increase

in the quantum of reserved jurisdictions in their neighbourhood makes minorities in non-reserved

jurisdictions worse off.

Bihar’s administrative structure comprises 534 blocks which are divided into nearly 8400 Gram

Panchayats (GPs –“village councils”). GPs are run by an elected representative, the village head.1 GPs

1These heads are locally called ”Mukhiyas”.
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usually comprise multiple villages/hamlets/wards that often tend to be segregated along caste lines.

Starting with the elections of 2006, about 17 % of village head posts were “reserved” for members

from minority caste groups called “Scheduled Castes” (SCs). SCs are a collection of heterogeneous

sub-castes who occupy the bottom rung of the caste hierarchy and have historically experienced the

most discrimination. Comprising about 17% of the entire population of the state and rarely forming

themajority of persons in theGP, SCs are toomarginalized to be elected as village heads in the absence

of political reservation.

In order to determine the effects of having a village head from a minority group, we compare SC-

reserved GPs with other GPs. We focus on GPs that were reserved from 2006-16, with outcome data

coming from the years 2011 (public goods short-run), 2012 (private assets, short run), 2016 (political

outcomes, medium-run) and 2019-20 (private assets, medium-run).

Our first empirical strategy exploits the algorithm used to reserve village head posts for Scheduled

castes (SCs). This population-based rule mandates that, within each block, GPs with SC populations

above a thresholdwill only have an SC village head. In practice, GPs just above the population thresh-

old are 90 percentage points (p.p) likelier to be reserved than those marginally below. By focusing

on outcomes from GPs on either side of the threshold, we can causally measure the impact of SC

reservation using a fuzzy regression discontinuity design (RD) framework.2

Our first finding is that SC reservation reduces inter-group inequality in access to public goods

for SCs. Using population data from the decennial Census of India (2011), we identify the main SC

village in the GP as the one where the most SCs live. To calculate public good provision, we bring

to bear data from the Census Village Amenities List (2011). We focus on 4 key public goods that

a survey of village heads from 22 districts of Bihar revealed as the most important: construction of

government primary schools, creation of functional ration shops, construction of roads and building

2In practice, SC reservedGPs close to the threshold are likelier to not be reserved for women: hence, in some
sense, the RD is more likely measuring the impact of having a male SC village head vs a non-SC village head
(who is female about 40% of the time). We address this concern using strategies outlined in section 2.4.
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child nutritional centres. We calculate the population normalized share of these public goods accruing

to themain SC village in reserved and unreserved GPs. After five years of reservation (2006-2010), we

find that this share increases by 0.21σ in reserved GPs. We do not find any evidence of an equity

efficiency trade-off: the availability of public goods at the GP-level remains unaffected.

Our second finding is that political reservation reduces private asset inequality between SCs and

non-SCs. Using a state-wide census of all rural households conducted in 2012 (the Socioeconomic

CasteCensus), we find that the difference in the average asset scores between SCs andnon-SCs reduces

by 0.13σ. Seen another way, the share of SCs in the bottom third of the asset distribution of the GP

reduces by 0.1σ. This is driven partly by an increase (statistically insignificant) in mean SC asset scores

and a decrease in non-SC asset scores (also statistically insignificant).

How is within-group inequality in asset wealth affected? The intra-SC asset distributions look

broadly similar, but for the top decile: the 95th percentile SC household in reserved GPs are 0.13σ

richer than their counterparts in unreserved GPs.3 This is accompanied by a commensurate decline

of 0.1σ in the average fortunes of the numerically dominant non-SC sub-caste.4 Once more, we do

not find strong evidence of an equity-efficiency trade-off: we cannot reject the null that the average

asset score of the household in a GP is affected by political reservation.

What explains these results? Tounderstand this better, we see if the impact varies by SCpopulation

ofGP.As noted previously, the reservation algorithm generates a unique threshold SCGPpopulation

for every block.5 This threshold ranges from 522 to 3862: thus, we can uncover causal estimates of

the impact of reservation across a range of GP SC populations. The results are stark: the reduction

in inequality in access to both public goods and private assets for SCs are driven by GPs with low

SC populations. Thus, reservation’s impact seems largest when SCs are a numerical minority.6 One

3This finding is in line with a common criticism of reservation policies in India – they favours only a small
section of the elite within the minority-group (see:32).

4We identify sub-castes using surnames, which are an approximation.
5A block is a collection of roughly 15.73 GPs on average.
6To keep things straightforward, we classify blocks into “low” and “high” depending on whether the SC
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potential reason could be that re-election incentives ensure that non-SC village heads do not neglect

SCs when they are numerically strong.7

Our third finding tracks the impact of political reservation 13 years after the policy of reservation

was implemented. In Bihar, village head posts are reserved for two continuous electoral cycles: so,

while elections are held every five years, the reservation status of theGP changes every ten years. Thus,

our “treated” GPs would have had exactly ten years (out of 13) of political reservation and our “con-

trol” GPs would have had at most three years of political reservation in favour of SCs. We rely on a

unique survey of over 7500 households across 94 GPs in Bihar that tracks all but one of the private

assets used to calculate the asset score from the 2012 census data.8 Our sample of GPs is small, but

nearly half of these were purposively sampled around the RD threshold. We find that political reser-

vation results in aminimum of 0.34 s.d unit reduction in the difference in asset scores between SCs

and non-SCs in 2019-20.

Our fourth finding is that reservation at theGP-level increases political participation of SCs in local

government in the elections of 2016. Since the reservation status for village heads changes in 2016, it

confounds treatment effects of political reservation for the 2006-16 period for the village head’s post.

Hence, we measure impact of reservation on political participation at a lower-tier. Bihar has a robust

electoral system at the ward level. Each GP comprises 13.8 wards on average. We find that having an

SC village head for 10 years causes a 0.34 s.d unit increase in the number of SC candidates contesting

ward elections and a 0.14 s.d unit increase in the number of SC winners in the ward elections.

Political reservation at theGP level inBiharhasbeen a sourceofmajoritarian resentment fordecades.

population threshold in the block falls above or below the median population threshold across all blocks.
7This interpretation gathers more credence whenwe consider the differential factors that drive trends in SC

assets acrossGPswith a largenumber of SCs and thosewith smaller numbers: in the former category, reservation
causes no impact on SC asset scores and catch-up occurs because of a decrease in non-SC asset scores; in the
latter, catch-up between SCs and non-SCs occurs and is driven by an increase in SC asset scores and no impact
on non-SC asset scores. In other words, it is precisely when SCs are a numerical minority that their absolute
asset scores rise due to reservation.

8Wedonot collect data onphoneownership–butotherwork suggests that thiswouldnotprove informative
since phone ownership is near universal.
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In 1987, the incumbent state legislature passed anOrdinance9 mandating political reservation for the

post of the village head. A group of village heads successfully petitioned the High Court of Bihar10

and had the Ordinance struck down. This judgment was used once more to stall the implementation

of political reservation under the 1993 Bihar Panchayati Raj Act – a law brought into force after India

instituted sweeping changes in its constitution with regards to devolution of powers to local govern-

ment. It was only in 2006, after most states in the country had implemented political reservation, that

the Bihar legislative assembly passed the Bihar Panchayati Raj Act of 2006, mandating quotas for SCs.

This was immediately challenged by a series of over 100 writ petitions, mainly by upper-caste groups,

which the High Court of Bihar dismissed.

Our second econometric strategy informs our fifth finding on potential backlash against increased

reservation across jurisdictions. This econometric strategy also exploits the algorithm used to reserve

GP village head posts in favour of SCs. The number of GPs to be reserved in a block depends on the

product of share of SCs in the block and the total number of GPs in a block. This is then rounded

to the nearest integer, a fact which causes arbitrary discontinuities in the number of reserved GPs in a

block. We exloit this to run a sharp RD design with multiple cutoffs.11 Since the median number of

SC reservedGPs in a block is 2 (and amean of 2.5), an additional reservedGP implies a quasi-random

50% (or 100%) increase in the quantum of reserved GPs in a block.

How does an additional reserved GP in a block affect outcomes for all SCs (across all GPs) in the

block? We find that this worsens public good outcomes in the main SC village in GPs across the

block. Further, this effect seems to be concentrated in unreserved GPs, which see a 0.37σ reduction

in the public good access in the main SC village. Our results on private assets are more equivocal:

we cannot reject the null that there is no impact on private asset scores of SCs and non-SCs across the

9Ordinances are laws passed by the executive when legislature is not in session.
10The highest court in the state.
11For instance, a blockwith 10GPs and 14.5%SCswill have 1.45 reservedGPs. This figure of 1.45 is rounded

to the nearest integer: 1. Had the share of SCs been 1.51, then the block would have had 2 reserved GPs.
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block. Taken together, we interpret these findings as suggestive evidence of backlash against the policy

of reservation by non-SC village heads.

Previous literature on political reservation shows modest distributional impacts of political reser-

vation on access to public gods (50,18,40) or private gains such as benefits from anti-poverty programs

(68,33,42,15). This paper simultaneously focuses on a range of outcomes across multiple electoral cy-

cles and shows that impacts could vary considerably across types of outcomes measured and in the

short- and the medium-run.

There is a strand of literature on affirmative action that theorizes and measures efficiency-equity

trade-offs for such policies (56,7): our study, like22, shows that such trade-offs may be less powerful

than theoretically predicted. While we neither find evidence of efficiency gains (unlike33) nor losses

(1), we show that there are significant distributional gains.

The nascent literature on political impacts of affirmative action – especially political reservation –

has found positive medium-run effects for women (17,20), but no effects for SC reservation for non-

local political posts (21).12 This paper shows that there could be significant gains at the local level.

The world over, affirmative action policies are seen as unfair bymajority groupmembers (23). This

paper is among the early ones to present suggestive evidence on real-world consequences of majority

group resentment on the welfare of minorities in developing country settings.

The popular discourse in India on reservations characterizes these as policies that either prove em-

powering forminorities or inefficient and ineffective, benefiting only an undeserving elite. This paper,

in the tradition of empirical works challenging these facile binaries (31,29), argues that the impacts can

be quite complex. The eventual answers depend on types of outcomes evaluated, their time-horizons

and the nature of the comparisons being made.

12See also 9 for a comprehensive discussion on contemporaneous effects of political reservation across mul-
tiple tiers of government in India.
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2.2 Context

2.2.1 Caste Divisions

This section discusses the historical causes for the existence of caste-barriers and briefly describes the

mainminority caste-group, ScheduledCastes. It then surveys the literature on the prevalence of caste-

barriers and its impact on a host of socioeconomic outcomes.

Historical Roots

For over two millennia, much of Indian society has been divided along caste lines. Caste is defined at

birth and is usually based on the caste of the father. A defining feature of caste is the presence of strict

hierarchies: the castes at the very top of the ladder have historically enjoyed (and indeed, continue to

do so) great privileges in society, while those at the bottom are discriminated against, both socially

and economically. Much of the laws that defined the nature of caste-based society for the Indian sub-

continent were laid down in the Manusmriti (or the “Laws of Manu”) - a text written around the

dawn of the common era. The text, inter alia, classified society into for broad hierarchical groups13

that subsumed the thousands of sub-castes that constituted Indian society. The text prescribed strict

rules for engagement between classes and castes, codified discriminatory practices by specifying pun-

ishments for rule violations and crystallized hierarchical norms. Lower castes and upper-castes were

forbidden from dining together. Inter-marrying across castes continues to be rare in modern Indian

society. The more egregious practices include notions of “pollution” emanating from contact with

lower-castes, including the slightest touch with even their shadows. Modern India’s first (and great-

est) scholar of caste, Dr B.R. Ambedkar described theManusmriti thus: “There is no code of laws

more infamous regarding social rights than the Laws ofManu. Any instance from anywhere of social

13These four groups, ranked by hierarchy, were the Brahmins (priests), theKshatriyas (warriors), theVaishyas
(traders) and Shudras (workers and farmers).
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injustice must pale before it.” (5).

Scheduled Castes (SC)

Those sub-castes that fell outside the four broad caste-groupings were the untouchables, which are

now grouped into a heterogeneous whole referred to as the Scheduled Castes. A term that is in-

creasingly commonly used for this grouping is “Dalits” (literally - “the oppressed”). Historically these

groups could not own land, conduct trade or business, receive education, or buy or sell in markets.

Though the Indian state abolished untouchability in 1950, SCs lag severely on several socioeconomic

indicators even today12. Summarizing the literature - primarily in economics - from the two-decades

leading up to 2012 and looking specifically at material well-being across castes,37 argues that while

there exists substantial regional variation, there is no “reversal of traditional caste hierarchies”.

Caste-Barriers in India/Bihar today

Caste barriers continue to persist in India today, a fact rigorously documented across several social

science disciplines, including economics. Amere 11 % ofmarriages in Bihar, the setting for our study,

are inter-caste. On the other hand, 47 % of respondents surveyed say that someone in their house-

hold practices untouchability36. Caste-barriers continue to dictate labor-market outcomes (37,76)

and labor-market opportunities, with resume-studies confirming the presence of discrimination, even

in urban India79; caste-networks are seen as barriers to rural-urban migration66.57 presents evidence

of considerable prejudice among youths towards non-caste matched peers and rigorously documents

discrimination against lower-caste members.

76



2.2.2 Local Administrative Structure

Bihar’s over 100 million strong rural population live in villages that are grouped into administrative

units calledGramPanchayats (GP).There are over 8400GPs inBihar. EachGP is headedby an elected

representative called the “Mukhiya”. In this paper, we will refer to the Mukhiya as the village head.

GPs are grouped into administrative units called “Blocks”: every block has 15.8 GPs. Each GP is

divided into wards. There are over 114000 wards in Bihar. Each ward is headed by an elected ward

member.

While elections for the village head’s post were held since 2001, the year 2006 marked the begin-

ning of political reservations for disadvantaged groups and women. This considerably changed the

composition of the new cohort ofMukhiyas. In 2001, when there was no reservation, roughly 1 % of

Mukhiyas were SCs44. This number went up to nearly 17 % in 2006.

2.2.3 The Fraught Path Towards Political Reservation for SCs

Bihar’s path to potlitical reservation for SCs across Gram Panchayats was anything but smooth, fea-

turing a series of false dawns and fiery challenges, often playing out in the court of law. Below, we

summarize the three attempts made by incumbent state governments to introduce political reserva-

tion and the challenges thrown by upper-caste groups (who stood to lose).

1987

Bihar first flirted with political reservation for village heads with the Bihar Panchayat Raj (Amend-

ment) Ordinance of 1987. The Ordinance proposed that the the post of the village head would be

reserved for SCs and Scheduled Tribes (STs) proportionate to their percentage across districts. The

validity of this amendment was challenged in the Bihar High Court by a group of incumbent village

heads. The Court agreed with the petitioners and declared that that such an amendment in the back-
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ground of the then constitutional scheme was not permissible. While holding so, it declared that the

post of the village head in the self-contained unit of a Panchayat is a solitary post and such a post can-

not be reserved, inasmuch as reservation in excess of 50% is not permissible under any circumstances.

In essence, the judgment, drawing from the Gandhian idea of a village as a “self-contained republic”

argued that every village, therefore, existed in isolation. Since the total number of village head posts

within such republics was one, it was impossible to reserve a fraction of one posts.

2.2.4 1993

On 23rd August, 1993, the Bihar Panchayat Raj Act, 1993 came into force, which followed the 73rd

Amendment of the IndianConstitution thatmandated thatGramPanchayats be included as the third

tier of administration. Summarizing the changes,

The Act provided for constitution of Panchayats at three levels. The village level was constituted

at the village level, the intermediate level was constituted at the block level and the district level was

constituted at the district level. Summarizing the changes,69 note that Act made “reservation of seats

in the Panchayats at every level for Scheduled Castes, Scheduled Tribes and Backward Classes on the

basis of their population proportionate to the total population in the area of the Panchayats. The Act

made horizontal reservation of one-third of the total number of seats at each level for the women.”14

Once more the validity of introducing reservation at the village head level in the Act of 1993 was

challenged in theHigh Court by petitioners. And once again, theHigh Court held that the challenge

was valid on the grounds that the proposed reservation exceeded 50%. More importantly, the Bihar

High Court held that villages were single unit seats and in the light of the 1987 judgment, this made

it impossible to reserve any seat.

14They go on to note that: ”The Act reserved seats of Chairpersons at every level, namely, the seats of
Mukhiya at the village level, of Pramukh at the intermediate level and of Adhyaksha at the District level, for
Scheduled Castes, Scheduled Tribes and Backward Classes in proportion to their population to the total pop-
ulation of the area of the Panchayats.”
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2.2.5 2006

The2001GPelectionswere heldwithout any reservations. Most other Indian states had implemented

political reservation by then. In 2006, the Bihar legislative assembly passed the Bihar Panchayat Raj

Act, 2006. This mandated 17% reservation for SCs, a maximum of 20% reservation for extremely

backward castes (EBCs) and 1% reservation for Scheduled Tribes. Within each category, a maximum

of 50% seats would be reserved for women. Over 100 writ petitions were filed – by various groups,

mostly belonging to upper-castes – challenging the validity of the 2006 Act.

The High Court dismissed the writ petitions and upheld the constitutional validity of the 2006

Act. It held that, even if GPs were seen as “self-contained units”, the Constitution of India mandated

that reservation be implemented across all GPs and that superseded any concerns of reserving single

unit posts.

2.3 Data Sources

This project brings together multiple secondary data sources and two primary surveys.

2.3.1 Secondary Data

First, from the State Election Commission in Bihar, we collected data on reserved and unreserved

Panchayats and characteristics of village heads elected in 2006 and 2016. We also have data on ward

members and ward candidates from the 2016 elections.

Second, we collect data on census village characteristics using Census of India’s Village Amenities

Surveys of 2011. This allows us to not merely collect details on availability of various types of public

goods in villages in reserved and unreserved GPs, but also contains indicators related to size, demo-

graphics and geography of these villages.
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Finally, from the Bihar government’s Rural Development Department, we gained access to the

Socio Economic Caste Census (SECC). This survey, conducted in 2012, covered all rural households

- nearly 20 million - of Bihar. At the within-household level, the survey contains basic information

on members of the household including gender, broad caste category, age, type of occupation and

education status.

At the household level, the dataset contains information on the following: type of dwelling includ-

ing number of rooms, characteristics ofwall and roof; employment and income characteristics includ-

ingwhether household has amember having a government job andmain source of household income;

asset ownership (vehicle, fridge, mechanical agricultural equipment etc); details on land-owned.

2.3.2 Primary Data

In 2019-20, we collected primary data on SECCassets across 98GPs and 7990 households across rural

Bihar. About half of these were purposively sampled close to the RD threshold.

In a separate exercise, we conducted a phone survey of past (2006-11) village heads from22 districts

over the phone and asked them about the main public goods they were responsible for the provision

of. This survey allows us to narrow down the census public goods into a set of 4 core public goods we

focus on. In addition, we also asked them about their perceptions on the policy of political reservation

for low-castes in local government.

2.4 Empirical Strategy

2.4.1 Impact of SC reservation

The state of Bihar is divided into 38 districts, which are further divided into 534 blocks and 8400GPs.

Within each block, the rule for reservation gives rise to an exogenous SC population cut-off below

which noGP is reserved. Above the cut-off, not all GPs are reserved for SCs, as some are blocked to be
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Figure 2.1: Graph plots the probability of reserva on based on the rank of a GP within a Block. The last GP not to be
reserved is given a rank 0 and the first GP to be reserved is ranked 1 and so on. Therefore, all nega ve ranks correspond
to GPs not to be reserved and posi ve ones to GPs to be reserved.

reserved for OBCs. In practice, as Figure 2.1 shows, once we throw away GPs above the cut-off that

are blocked, the first stage results in a near 95 % jump in the probability of reservation15. Thus, we

have a fuzzy pooled RDwith a strong first stage.

Our running variable is the difference in SCpopulation of aGP and themean of the SCPopulation

of the last Panchayat to not be reserved and the first GP to be reserved. Thus, for GP i in Block j:

Runningij = SCPopij − (
SCPop1j + SCPop0j

2
) (2.1)

where SCPop refers to SC Population and 0 and 1 subscripts stand for the the last GP to not be

15We asked election officials serving at the time about the small discrepancy on the prediction in theory and
the actual reservation. Wewere told thismay have been because of the following reasons: officers calculating the
cut-off wrongly; disputes regarding actual SC population figures; manipulation by local officials of the status
of reservation of GPs. At least one instance of manipulation was flagged and officials punished.
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reserved and the first GP to be reserved, respectively.

Under the assumption of continuity of all other GP characteristics, the fuzzy RD estimator cal-

culates the local average treatment effect (LATE) of having an SC upper-tiered representative with

population equal to the cutoff population for a block. Following27, we estimate a fuzzy regression

discontinuity design with covariates. Essentially, our primary specification uses a local linear regres-

sion within the CCT triangular bandwidth of the treatment threshold, and controls for the running

variable (SC population in the GP) and a host of covariates - including block fixed effects, GP-level

controls - on either side of the threshold. We use the following two-stage instrumental variables spec-

ification:

Reservedgb = γ0+γ11(SCPopgb > Tb)+γ2(SCPopgb−Tb)+γ3(SCPopgb−T)∗1(SCPopgb >= Tb)+δ∗Xg+ψ+ηgb

(2.2)

Ygb = β0+β1Reservedgb+β2(SCPopgb−Tb)+β3(SCPopgb−T)∗1(SCPopgb >= Tb)+ω∗Xg+α+εgb

(2.3)

whereYgb is the outcome of interest inGP g and Block b. Tb is the SC population cutoff forGPs in

block b, SCPopgb is the SC-GP population, Xg is a vector of GP-level controls and psi indicates block

fixed effects. etagb and εgb are error terms. GP level controls include total population of GP, distance

to the nearest town/district head-quarters, whether GPwas reserved for women/OBCs in the current

term and number of villages in the GP.16 We use block-clustered standard errors.

16For regressions on the long term impact of political reservation on SC political candidacy, we also control
for caste/gender reservation status of GP for 2016. The results are robust to not including these controls.
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Threats to Validity

Table 2.1 presents balance tests for a host of GP level controls. The main threat to validity of this

specification is the fact that SC reserved GPs close to the cutoff are much less likely to be female re-

served than their non-SC reserved counterparts. This is an artefact of the reservation rule for women.

In some sense, our main treatment effect, therefore, is more likely to be the impact of having an SC

male village head vs a typical non-SC head (40% of those close to the threshold are women). Follow-

ing27, we control for female reservation in all our specifications. This – and the fact that, in 2006 in

Bihar, female reserved GPs were often headed by men, mitigate to some extent the concerns with the

specification.

Table 2.1: Balance Across the RD Sample (GP-level Controls)

Variable Reserved Unreserved Difference pvalue
Proportion of SCs (Census 2001) 0.19 0.19 0.00 0.89
Distance to Nearest Statuatory Town (Census 2011) 21.07 20.28 0.79 0.59
Distance to District Headquarters (Census 2011) 32.23 31.50 0.73 0.75
Number of Villages in GP (Census 2011) 5.61 5.68 -0.07 0.89
Total GP Area (Census 2011) 1,208.33 1,108.66 99.67 0.29
Total Population of GP (Census 2001) 9,460.71 9,504.69 -43.98 0.91
Percentages of SCs inMain SC Village (Census 2011) 0.56 0.55 0.01 0.55
Female Reservation 0.02 0.39 -.37** 0.00
NOTE: Table presents results from a series of balance tests for GP-level variables across the
population-based RD cutoff. We operationalize tests in the following manner: we run a fuzzy RD
with bandwidth = 550. Standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

2.4.2 Impact of an Additional SC GP in a block

Our secondRD specification relies on the rule specifying the number of GPs to be reserved for SCs in

a block. The number is calculated as a simple product of the Share of SCs in the block and the number

of GPs in a block. This is then rounded to the nearest integer. For instance, a block with 10 GPs and

14.5% SCs will have 1.45 reserved GPs. This figure of 1.45 is rounded to the nearest integer: 1. Had

the share of SCs been 1.51, then the block would have had 2 reserved GPs. Thus, conditional on the
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number of GPs in a block, we see discontinuities in the number of reserved GPs, a fact we exploit to

run a sharp RD design with multiple cutoffs. Thus:

GPsToReserveb = round(ShareofSCsb ∗ GPsb, 1) (2.4)

Out of Bihar’s 534 blocks, we have exact data onGP populations for all GPs in the block only from

490 blocks.17 Hence, we only work with these blocks. The number of GPs in these blocks range from

3 to 39. Conditional on the number of GPs in a block, the number of GPs to be reserved for SCs

arbitrarily switches when the share of SCs is an odd multiple of 0.05.18 Thus, if the we define, for a

block b, Productb = ShareofSCsb ∗ GPsb, we have:

Yigb = β0+β1(Productb−Ti)+β21(Productb >= Ti)+β3(Productgb−Ti)∗1(Productb >= Ti)+i.#GPs+ω∗Xg+δ+εigb

(2.5)

whereYigb is the outcome forGP g fromblock bwhoseProductb’s integer value is i;Ti is the thresh-

old value for integer i (essentially i + 0.5); i.#GPs represents number of GP fixed effects; ω ∗ Xg rep-

resents GP level controls19; δ represents District FE.20

Threats to validity

Table 2.2 shows that this RD is balanced across a host of GP-level covariates. The only potential

threat to validity is the relatively small sample size here (490 potential units) compared to our previous

specification (8392 units). As we see below, our estimates are somewhat noisier.

17We have full data on all GPs for 503 blocks. In another 13 blocks, for some reason, the number of GPs to
be reserved doesn’t match with the number of GPs predicted. We drop these blocks from our sample too.

18For instance: 0.05, 0.15, 0.25, 0.35.
19Including female reservation.
20Our results are robust to not including these.
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Table 2.2: Balance Across the RD Sample (GP-level Controls)

Variable Reserved Unreserved Difference pvalue
Proportion of SCs (Census 2001) 0.20 0.20 0.00 0.94
Distance to Nearest Statuatory Town (Census 2011) 17.28 20.69 -3.41 0.46
Distance to District Headquarters (Census 2011) 39.62 31.78 7.84 0.39
Number of Villages in GP (Census 2011) 5.15 5.69 -0.54 0.70
Total GP Area (Census 2011) 1,069.55 1,123.89 -54.34 0.67
Total Population of GP (Census 2001) 9,934.56 9,559.52 375.04 0.61
Percentages of SCs inMain SC Village (Census 2011) 0.58 0.54 0.04 0.57
Female Reservation 0.43 0.38 0.05 0.58
NOTE: Table presents results from a series of balance tests for GP-level variables across the
population-based RD cutoff. We operationalize tests in the following manner: we run a fuzzy RD
with bandwidth = 550. Standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

2.5 Impacts 5 years Later

2.5.1 Public Goods

Webegin by identifying themain public goods that the village head could influence during the period

2006-2011. We survey village heads who were in power during that time and narrow down our list to

four prominent ones: government primary schools, construction of roads, running fair-price shops

that distribute grains via the Public Distribution System (PDS) and setting up rural child care centres

under the Integrated Child Development Scheme (ICDS).

We first measure if political reservation has any impact on overall provision of public goods. Table

2.3 presents the results. The index of public goods increases by a statistically insignificant 0.03σ. Thus,

we find no efficiency consequences of political reservation in favour of SCs on public good provision

across the GP.

We turn tomeasuring the impact of SC reservation on inequalities in public good access. To do so,

we first define the main SC village in the GP. Using Census (2011) data, we code the village with the

most number of SCs as the main SC village. We then calculate, for each public good, the population

normalized share of the good accruing to the main SC village in the GP. In an equal society with no

hierarchies, the benchmark value of the normalized share should be 1: i.e every village should get as
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much access to public goods as its share in the overall population in the GP. However, in unreserved

GPs close to the threshold, this number hovers around the 0.8 mark. We interpret this as evidence of

SCs being having unequal access to public goods under status quo.

How does reservation affect this unequal allocation of public goods? Table 2.3 presents the results.

The index of public goods increases by 0.2σ. While the signs for all themain public goods are positive,

the effect seems to be more pronounced for government primary schools and roads. Indeed, as Table

B.1 shows, there is some improvement alongmost types of road access. In the appendix, we show that

the results are robust to reducing the bandwidth by 50% and replacing normalized share value with 0

in GPs where no village has received any public good.

Table 2.3: Impact of SC Reserva on on Overall Provision of Public Goods in the GP

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System

Childcare
Center

All Weather
Road

Overall
Index

SC Reservation 0.09 -0.03 -0.05 0.07* 0.03
(0.06) (0.05) (0.06) (0.04) (0.05)

Observations 8150.00 8153.00 8154.00 8137.00 8140.00
Mean -.002 0 .005 .015 .003
Bandwidth 467 525 495 462 471
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The total number of government pri-
mary schools across the GP (b) The total number of villages in the GP that have access to a
functional fair-price shop via the Public Distribution System (PDS) (c) The total number
of villages in the GP that have a functional rural child care centre (d) The number of vil-
lages in the GP that have an all-weather road (e) An index of these fourmain public goods.
We use CCT triangular bandwidths and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates and Block-fixed effects.
All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

2.5.2 Private Assets

We create an asset index based on 6 main asset indicators we create from the SECC dataset. Since we

are looking at impacts over a relatively short period of time, we focus on the most common types of
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assets found in the data: land ownership; the quality of the roof andwall of themain dwelling roomof

the house structure; a house with more than 3 rooms; phone and vehicle ownership. The population

prevalence of these assets is at least 10%.

For each household we create two types of asset scores: a raw sum of assets score, where each in-

dicator gives the household one point; a PCA score of all assets (first component). Our private asset

index is simply the standardized sum of the two scores.21

We first show that the difference in the asset index scores between SCs and non-SCs is decreasing.

As Table 2.4 indicates, the gap shrinks by 0.13σ. This is driven by a near-symmetrical (but statistically

insignificant) increase in themean asset scores of SCs (column2) and adecrease in themean asset scores

of non-SCs (column 3). The overall effect of political reservation is indistinguishable from 0 (column

1).

Table 2.4: Impact of SC Reserva on on Private Assets

Impact of SC reservation on Mean Asset Scores

(1) (2) (3) (4)
ALL Households ALL SCs All non-SCs SC - non-SCs

SC Reservation -0.01 0.06 -0.06 0.13**
(0.04) (0.05) (0.04) (0.06)

Observations 8212.00 8212.00 8212.00 8212.00
Mean -.002 -.005 .001 -.005
Bandwidth 519 525 513 524
Block FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the en-
tire population; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs
and non-SCs. We use CCT triangular bandwidths and estimate fuzzy RD spec-
ifications described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates and Block-fixed effects. All standard errors are clustered at the Block
level. *p < 0.1, **p < 0.05, ***p < 0.01.

Seen another way, the SC population normalized share of SCs in the bottom 3 deciles of the asset

21Table B.18 shows that the results are robust to defining the index as the mean of the two standardized
scores.
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distribution in the population reduces by 0.1σ (Table 2.5). This is accompanied by a commensurate

rise in the higher parts of the distribution. These results are robust to halving the bandwidth (Tables

B.19, B.20), and an alternate definition of the asset index (Table B.18).

Table 2.5: Impact of SC Reserva on on Asset Distribu ons

Impact of SC reservation on Share of SCs

(1) (2) (3) (4) (5)
Bottom 10% Bottom 30% Bottom 50% Top 30% Top 10%

SC Reservation -0.04 -0.10* -0.08 0.07 0.10
(0.06) (0.06) (0.06) (0.06) (0.06)

Observations 8026.00 8026.00 8026.00 7995.00 7986.00
Mean .01 .015 .004 -.001 -.004
Bandwidth 465 462 490 515 519
Block FE YES YES YES YES YES

Outcome variables are the population normalized share of SCs, based on PCA scores,
in the: (a) bottom 10% of the population (b) bottom 30% of the popualtion (c) bottom
50% of the population (d) top 30% of the population and (e) top 10% of the population
We use CCT triangular bandwidths and estimate fuzzy RD specifications described in
the paper (equation 2.2 and 3.2). We control for GP-level covariates and Block-fixed
effects. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

Who gains andwho loses?

Tounderstand if the benefits to SCs are broad-based or concentrated, we turn to distributions of asset

scores. If all SCs equally benefit equally, then we would perhaps see a proportionate increase in SC

asset scores at all points in the distribution. Table B.5 presents the results: the asset score distributions

remain broadly similar for all SCs except for a 0.13σ increase in the private wealth scores of the 95th

percentile SC household in the distribution.

On the other hand, non-SCs across the asset distribution are (insignificantly) worse off than their

counterparts in unreserved GPs (Table B.6). The only exceptions are those in the top quartile/decile.

We can break down the consequences across other dimension too. As mentioned previously, the

broad caste categories – SCs, OBCs – are artefacts of a colonial classification system that (somewhat
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arbitrarily) bucketed a set of heterogeneous sub-castes into homogeneous wholes. We now turn to

how having an SC village head affects sub-caste welfare. The literature in sociology – starting with78

– has focused on the role of dominant sub-castes: i.e economically or numerically large sub-castes

among broad caste groupings that play an over-sized influence on outcomes in villages. We approxi-

mate sub-castes using surnames and define, for eachGP and each broad caste-category the numerically

dominant sub-caste. We then focus on impacts on outcomes on this sub-caste alone.

Table B.9 presents the results. Columns (1) and (3) indicate that the numerically dominant non-

SC sub-castes do worse in reserved GPs both in absolute (col (1)) and relative to non-dominant castes

(col. 3). We find no such patterns for the numerically dominant SC sub-castes.

In summary, the private asset results – as with the public good results before – point to the fact

that political reservation does reduce inter-group inequalities, without necessarily affecting efficiency.

Focusing on intra-group inequalities, SCs in the top decile of asset scores pull away. The dominant

sub-caste results indicate that the electorally dominant non-SC sub-caste that would have most likely

won elections in the absence of reservation face adverse consequences.

Do the broader trends of the previous section last in the medium run? If so, what could explain

the patterns? The next two sections address these questions.

2.5.3 UnpackingMechanisms: Re-election incentives?

An aspect central to political economy models explaining politician performance is re-election incen-

tives (43). Given that the reservation status of GPs was frozen, every incumbent village head elected

in 2006 had a shot at being re-elected. Are non-SC village heads more likely to ensure SCs’ welfare in

GPs where SCs are numerically significant?

We can causally test for if treatment impacts change as size of SC population in a GP changes. As

noted previously, the reservation algorithm generates a unique threshold SCGP population for every

block. This threshold ranges from 522 to 3862: thus, we can uncover causal estimates of the impact
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of reservation across a range of GP SC populations.

To keep things straightforward, we classify blocks into “low” and “high” depending on whether

the SC population threshold in the block falls above or below themedian population threshold across

all blocks. Thus all thresholds above 1858 SCs belong to the “high” group. The average GP in this

group has 20% SCs. The average GP in the low group has 12%.

Tables B.4 and B.3 present the results for public goods. The low group sees an improvement in

share of public goods in the main SC village in reserved GPs by 0.31σ. We see no significant improve-

ment in the high group of blocks. Tables B.8 and B.7 provide evidence on private assets, where the

trends are extremely similar.

Thus, reservation’s impact is largest when SCs are a numerical minority. One potential reason

could be that re-election incentives ensure that non-SC village heads do not neglect SCs when they

are numerically strong. This interpretation gathers more credence when we consider the differential

factors that drive trends in SC asset scores: in the “high” group of blocks, reservation causes no impact

on SC asset scores and catch-up occurs because of a decrease in non-SC asset scores; in the “low” group

of blocks, catch-upbetween SCs andnon-SCs occurs and is drivenby an increase in SCasset scores and

no impact on non-SC asset scores. In other words, it is precisely when SCs are a numerical minority

that their absolute wealth rises due to reservation.

2.6 Impacts> 10 years Later

2.6.1 Private Assets

Using a household survey of 7553 households across 94 GPs, we recreate the poverty indices we use

in the previous section. Three caveats are to be kept inmind here: first, we do not have data on phone

ownership, but we do not expect that to bias our index since there is near-universal phone ownership

in Bihar; second, our sample sizes aremuch smaller than previously, but half of theseGPswere purpo-
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sively sampled around theRDthreshold, so that substantially increases power. Ourmain specification

uses an RD bandwidth of 150 here, which is substantially smaller than what the CCT bandwidth is,

but reflects the survey sampling strategy to focus on GPs very close to the threshold; third, this survey

was conducted in 2019-20, 3.5 years after the reservation cycle had changed. We are, therefore, not

comparing reserved GPs vs unreserved GPs. Rather, in our sample, a “treated” GP has 10 years of ex-

posure to a village head from an SC background and a “control” GP has at most 3.5 years of exposure.

Crucially, however, at the time of the survey, there is no treated GP currently reserved for SCs.

Our main result is that the results in the short term continue to hold in the medium-term: i.e the

private asset scores between SCs andnon-SCs continue to shrink. We runmultiple specifications, with

different bandwidths (Tables 2.6, B.21, B.22) . Across specifications and extrapolating cautiously, we

find that the effect sizes imply a minimum of 0.34σ reduction in the gap between SCs and non-SCs.

In each of the specifications, this reduction is driven by a decrease in non-SC scores and an increase in

SC scores. In all specifications, the overall asset score of the GP remains unchanged, suggesting, once

more, the lack of an efficiency-equity trade-off.

Table 2.6: Impact of SC Reserva on on Private Assets in the Medium Run

Impact on Wealth Score in The Long Term

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs SC -Non-SC Difference

SC Reservation -0.04 0.27** -0.58*** 1.06***
(0.19) (0.12) (0.18) (0.21)

Observations 94.00 94.00 94.00 94.00
Mean .073 .047 .069 -.018
Bandwidth 150 150 150 150
Block FE YES YES YES YES

Outcome variables are themean value of the private asset index over: (a) the entire pop-
ulation; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs and non-SCs.
We use a bandwidth of 150 (to reflect the sampling strategy for the long-run GPs) and
estimate fuzzyRD specifications described in the paper (equation 2.2 and 3.2). We con-
trol for GP-level covariates and Block fixed effects. All standard errors are clustered at
the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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2.6.2 Political Participation

Weuse data from the 2016ward elections tomeasure the impact of being exposed to SC village heads.

In 2016,GPs reserved in 2006had ten years’worth exposure to a leader fromanSCbackground. Table

B.10 presents the results. In 2016, GPs reserved for SCs from 2006-16 had 0.34σ more candidates.

There is no such trend for non-SCs. Interestingly, the increase in candidates is driven by more SCs

contesting in unreserved wards, where the effect sizes are over 150% those of reserved wards.

Does the increased candidacy result in more winners? Table 2.7 presents the results. The number

of SC winners increases by 0.14σ. This is driven by 0.27σ more winners in the unreserved wards. By

definition, there cannot be more winners in reserved wards (since SCs always win in such wards).

Thus, SCs win more directly at the cost of non-SCs in unreserved wards. Tables B.23 and B.24 show

that these results are robust to halving the bandwidth.

Table 2.7: Impact of SC Reserva on on Ward Level Winners in the Medium Run

Impact on Public Goods in the Main SC Village in GP

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

Winners
Non-SC
Winners

SCWinners
Unres. Wards

SCWinners
Res. Wards

SC Reservation 0.14*** -0.08*** 0.27*** -0.01
(0.05) (0.03) (0.08) (0.03)

Observations 7376.00 7358.00 7371.00 7384.00
Mean 0 0 0 0
Bandwidth 565 588 528 538
Block FE YES YES YES YES

Outcomes indicate the σ improvement in winners in the 2016 ward elec-
tions who are: (a) SCs; (b) non-SCs; (c) SCs, but only in SC-reservedwards;
(d) SCs, but from unreserved wards. We use CCT bandwidth and estimate
fuzzy RD specifications described in the paper (equation 2.2 and 3.2). We
control for GP-level covariates and Block fixed effects. All standard errors
are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Could the increased political participation at the lower-tiered ward level cause the sustained im-
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pact of reservation at GP level even after the the reservation status of GPs change? Or do the increased

long-run improvements in private asset scores spur greater political participation? The answer per-

haps, points to a virutous cycle of sort: with reservation increasing private asset scores, which increase

political participation, which further increase private wealth.

Undeniably, however, the results with respect to political participation point to a trend that is seen

with respect to both public goods and private assets: political reservation reduces inequalities. This

is caused both by an improvement in outcomes for SCs and commensurate decline in outcomes for

non-SCs. Does this cause any backlash from non-SCs against the policy of reservation? In the next

section, we investigate this question.

2.7 Some Evidence of Backlash Against Reservation

In this section, we attempt to answer the question of how outcomes changewith arbitrary increases in

the number of reserved GPs in a jurisdiction. To do so, we rely on the empirical strategy documented

in Section 2.4. To quickly recap, the main question this RD design would help answer is: how do

outcomes change in a block given a quasi-random additional reserved GP? The median number of

reserved GPs in a block is 2, with a mean of 2.5. Hence, most of the increase we see will amount to

either a 100% (or 1 to 2) or 50% increase (2 to 3) in the number of reserved GPs in a block.

2.7.1 Public Goods

We first begin by looking at whether having an additional reserved GP in a block affects overall public

good outcomes. Table B.2 presents the results: having an additional GP seems to reduce availability

of fair-price ration shops, but the overall impact on public goods is insignificantly different from 0.

We now turn to how this affects inequality in access to public goods. Table 2.8 presents the results.

Having an additional reservedGP in the block reduces the share of public goods to themain SC village

93



in aGP in the block by 0.21σ. While the effect sizes seems somewhat large, the coefficient on all public

goods is negative, giving us more confidence that this is not driven by few outliers. Table B.26 shows

that the results are robust to replacing imputing value for 0 in GPs where no public good has been

created anywhere; The coefficient on the index of public goods in a regression with 50% bandwidth is

larger than the baseline specification (-0.26σ), but with a p-value of 0.16 (Table B.25).

Table 2.8: Impact of an Addi onal Reserved GP in the Block On Public Good Access for SCs

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation -0.04 -0.16 -0.28*** -0.17** -0.22**
(0.09) (0.12) (0.10) (0.08) (0.09)

Observations 7181.00 6323.00 7445.00 6810.00 7448.00
Mean -.04 .01 -.01 0 -.01
Bandwidth .16 .12 .12 .1 .14
District FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of govern-
ment primary schools in the main SC village (b) The population normalized share of access to
a functional fair-price shop via the Public Distribution System (PDS) for the main SC village
(c) The population normalized share of access to a functional rural child care centre for the
main SC village (d) The population normalized share of access to an all-weather road for the
main SC village (e)An index comprising themean of these four shares. WeuseCCT triangular
bandwidths and estimate a sharp RD specifications described in the paper (equation 2.5). We
control for GP-level covariates. All standard errors are clustered at the Block level. *p < 0.1,
**p < 0.05, ***p < 0.01.

We interpret the results as tentative evidence of SCs doing worse in blocks with more reservation.

But, is this backlash?

If it is indeed backlash, then it must be the non-SC reserved GPs where the effect is concentrated.

To investigate this, we re-run our regression, but restrict attention to only non-SC reserved GPs from

2006. Table B.12 presents the results: an additional reserved GP in a block does indeed worsen public

good outcomes in non-SC reservedGPs. The effect is larger than the overall effect and significant, sug-

gesting more strongly that this could be some backlash against the policy of reservation in unreserved

GPs.
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In addition to SC reservation, Bihar also implemented reservation in favour of Extremely Back-

ward Castes and Scheduled Tribes. We should not expect any backlash against SC reservation in these

GPs, since these village heads are themselves beneficiaries of reservation. Table ?? presents the results

focusing only on those GPs that did not implement any reservation for any caste/tribe group: indeed,

the effects do seem strongest in precisely these set of GPs, with the overall effect on the public good

index in the main SC village declining by 0.34σ for every additional reserved GP.

2.7.2 Private Assets

We now turn to impacts on private asset scores. Table B.11 presents the results. While the coeffiicent

on the difference in scores in negative (Table B.11, column 4), we cannot reject the null that there is

an increase in asset inequality because of an additional reserved GP in the block. Is this trend stronger

in non-SC reserved (Table B.14) and unreservedGPs? B.15). We find no such evidence. This suggests

that backlash need not be the only reason SCs do worse in blocks with more reserved GPs.

2.7.3 How do past village heads view reservation?

To interpret these results as emanating from backlash, we need to understand SC and non-SC village

heads’ perceptions of reservation. We surveyed 50 village heads who were incumbents in 2006. Of

this, over 75% of non-SCs said that the policy of reservation was either “not good” or “bad”. On the

other hand, no SC village head said the policy was anything but “good”. While our sample is not

random, it does suggest that non-SC village heads do not perceive reservation favourably.

To recap, we present strong evidence that SCs’ access to public goods is adversely affected in blocks

with an additional reservedGP.This reduction stems fromtheunreservedGPs inblocksquasi-randomly

assigned an additional GP. This suggests that this could be backlash by upper-castes against the pol-

icy of reservation. However, the evidence on this front on the basis of private asset scores is more
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equivocal. There could be at least two potential explanations for this: first, backlash could be stronger

along some dimensions than others; second, private asset scores take longer to change that public good

access.

2.8 Conclusion

In this paper, we bring to bear data on public goods across 45,000 villages and private assets from over

17 million households to shed light on two of the most important questions in the affirmative action

literature: do such policies reduce inequality in a lasting manner? If yes, do majority group members

strategically adapt to such policies? We provide clear evidence on the first question, by causally estab-

lishing that political reservation in favour of SCs improves their access to public goods and reduces

private asset inequalities. We also show that these effects persist in the medium-run a full thirteen

years after the policy of reservation is first implemented: the gap between SCs and non-SCs continues

to shrink and SCs contest and win more elections on their own, even in the absence of reservation. On

the second question, we provide suggestive evidence of majority backlash: SCs’ access to public goods

reduces in areas with more political reservation, an effect caused primarily by unreserved GPs in those

areas.

The policy implications of this paper are four-fold: first, our partial equilibrium results show that

affirmative action policies like political reservation could be an important tool in reducing inter-group

inequality in the short- and medium-run; second, this comes at virtually no efficiency costs: neither

overall public goodprovision nor overall private asset accumulation are affected in reservedGPs; third,

this paper shows the importance of having sustained affirmative action policies: while, at the end of

the first electoral cycle SCs’ access to public goods had improved, the true gains in private assets are

realized much more in the medium-run; fourth, these policies could have potential costs, when seen

from a wider – more general equlibrium-esque – perspective: in order to make political reservation
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even more effective, policy-makers must account for potential backlash against such policies.
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3
Affirmative Action, Attitudes, and Social

Networks: Evidence from Caste-Based

Reservation in India
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3.1 Introduction

In1 numerous societies, historically disenfranchised groups face hurdles that privileged groups do not

face. Group lines are drawn across, among other things and clearly varying by society, race, gender,

caste, sexuality, and so on. Affirmative action policies are often used to level the playing field. These

are presumed to increase access to resources and exposure of disenfranchised groups and change per-

ceptions of majority group members.

These divisions often lead to bothprivileged group anddisenfranchised groupmembers having dif-

fering attitudes towards one another. For instance, individuals may feel that ability varies by race, or

that they face particularly strong disutility in interacting with members of some other group51,41,67.

Beyond attitudes, these divisions often create heterogeneous access to resources. The capacity for

political utilization, the allocation of public goods, whether members of a group even are aware of

certain policies or opportunities available to them, and resulting occupational aspirations may vary

by group63,58,59. In many settings, affirmative action policies have been adopted as a way to com-

pensate for these divisions, with the idea being that this may lead to positive attitudinal changes and

redistribution of resources or public goods to the disenfranchised group68,30,65.

However, individuals do not live in a vacuum and instead are part of a wider social network. Both

changes in attitudes towards members of different groups as well as changes in the distribution of

resources that disenfranchised group members may face can impact the endogenous evolution of the

social networkwithinwhich individuals reside. Thewillingness to interactwith others and the need to

maintain or build certain within versus across group links may all be affected. The resulting network

change, in turn, can have consequences for the sort of economic phenomena that take place over the

network, such as the flow of information about policies, job referrals, financial flows, and so on.

In the Indian context, the role of caste – jati – has been extremely important in shaping economic

1This paper is co-authored with Emily Breza and Arun Chandrashekhar.
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and social interactions. An individual’s hereditary group membership has traditionally placed stric-

tures on both occupational choice and the nature of interactions with individuals of different social

standings, including the choice of spouse72,11. While the caste systemhas pre-modern origins, the his-

tory is complex.2 The Indian Constitution, adopted in 1949 after independence, contains provisions

to protect those groups most disadvantaged: the Scheduled Castes (SCs) and Scheduled Tribes (STs).

Nonetheless, themodern-day achievement gap between SCSTs and non-SCSTs remains striking: SC-

STs are 50% more likely to be illiterate, 50% more likely to not have completed primary school, and

have lower life expectancies.

In response to such achievement gaps and historical injustices, India has explored and implemented

numerous affirmative action policies over the years. The one that we single out in this project comes

from the 73rd amendment to the Indian Constitution, passed in 1992. The amendment established

a system of local government, with Gram Panchayats (GPs) (essentially small clusters of villages with

a common council) at its core. More importantly, it also introduced a quota-based affirmative action

system. Both the seats on the local councils as well as the leadership positions (e.g., presidency and

vice presidency) are reserved on a rotating basis for disenfranchised groups: scheduled caste (SC),

scheduled tribes (ST), Backward Castes (BC)3 and women, with reservation frequency depending on

each group’s population share.4 Given the rotating nature of the reservations, villages today vary in

their past and current exposure to SCST leaders and council members.

In this paper, we study how affirmative action for local governing positions influences the social

and economic network structure between groups. Affirmative action may affect the social structure

in a number of ways. First, as discussed in prior literature, exposure may change members of other

2Many argue that British colonial rule played a large role in amplifying caste distinctions and codifying the
caste hierarchy. See for example, Dirks 38 , Bayly 16 , De Zwart 35 .

3In Bihar, the context of our study, reservation of political positions in favor of backward castes go to a
subsection of sub-castes (jatis) the state carved out of the pool of all backward castes. These are collectively
called Extremely Backward Castes (EBCs)

4The exact implementation varies by state.
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castes’ attitudes towards the reserved caste group. On the other hand, it may also create a climate

of resentment. Second, access to leadership position may change the distribution of resources that

members of SC castes have access to, which itself can change incentives to form network links74. We

measure how the resulting change in network structure affects outcomes of interest (e.g., speed or

extent of social learning). To do this we (i) conduct household surveys to elicit network data, attitudes

towards other caste groups, and political and resource utilization across numerous villages; (ii) match

the data to political reservation to study how beliefs change and how the social network structure

changes in response, utilizing a regression discontinuity design exploiting the reservation assignment

algorithm.

Our paper is set in the Indian state of Bihar, a poor but fast-growing state in the north-east of

India. Bihar’s administrative structure comprises 534 blockswhich are divided into nearly 8400Gram

Panchayats (GPs –“village councils”). GPs are run by an elected representative, the village head.5 GPs

usually comprise multiple villages/hamlets/wards that often tend to be segregated along caste lines.

Startingwith the elections of 2006, about 17%of village head postswere “reserved” formembers from

SCs. Comprising about 17% of the entire population of the state and rarely forming the majority of

persons in the GP, SCs are too marginalized to be elected as village heads in the absence of political

reservation.

Ourmain empirical strategy exploits the algorithm used to reserve village head posts for Scheduled

castes (SCs). This population-based rule mandates that, within each block, GPs with SC populations

above a thresholdwill only have an SC village head. In practice, GPs just above the population thresh-

old are 90 percentage points (p.p) likelier to be reserved than those marginally below. By focusing

on outcomes from GPs on either side of the threshold, we can causally measure the impact of SC

reservation using a fuzzy regression discontinuity design (RD) framework.

Our main contribution is to explore in detail the underlying mechanisms that lead to changes in

5These heads are locally called ”Mukhiyas”.
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network structure. By collecting detailed data on attitudes, resource access and political utilization,

and network data, we can see how reservation not only affects incentives to interact, but also changes

in the equilibrium network structure.

First, we find that exposure to reservation affects attitudes. We find that SCs are perceived to be

less trustworthy and more likely to commit fraud in currently or formerly reserved GPs. This is sur-

prisingly driven by a change in perception among both SCs and non-SCs.

Second, we look at resource data. Studying the same context,74 show that exposure to SC leaders

reduces inequality in access to public goods in the short-run and private goods in both, the short and

medium run. We show that this is the case for long-run public goods too.

Third, we look at network data. We have directly collected the number of link a random subset

of households have, so we can compute the effect on degree, both to one’s own caste and the oppos-

ing castes. We find that exposure to reservation does not change the overall degree structure of the

GP. However, disaggregating more finely by sub-castes, we find that links of the more elite SCs and

extremely backward castes increases at the cost of the more elite backward castes (who form the tradi-

tional elite inBihar). The lowerbackward castes are often conduits between castes and their an increase

in their relative importance and a decrease in importance of the more traditional ruling elite suggests

that the inter-group reductions in inequality between SCs and non-SCs found in74 also translate to

greater links SCs and backward castes.

3.2 Context

3.2.1 Caste Divisions

This section discusses the historical causes for the existence of caste-barriers and briefly describes the

mainminority caste-group, ScheduledCastes. It then surveys the literature on the prevalence of caste-

barriers and its impact on a host of socioeconomic outcomes.
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Historical Roots

For over two millennia, much of Indian society has been divided along caste lines. Caste is defined at

birth and is usually based on the caste of the father. A defining feature of caste is the presence of strict

hierarchies: the castes at the very top of the ladder have historically enjoyed (and indeed, continue to

do so) great privileges in society, while those at the bottom are discriminated against, both socially

and economically. Much of the laws that defined the nature of caste-based society for the Indian sub-

continent were laid down in the Manusmriti (or the “Laws of Manu”) - a text written around the

dawn of the common era. The text, inter alia, classified society into for broad hierarchical groups6

that subsumed the thousands of sub-castes that constituted Indian society. The text prescribed strict

rules for engagement between classes and castes, codified discriminatory practices by specifying pun-

ishments for rule violations and crystallized hierarchical norms. Lower castes and upper-castes were

forbidden from dining together. Inter-marrying across castes continues to be rare in modern Indian

society. The more egregious practices include notions of “pollution” emanating from contact with

lower-castes, including the slightest touch with even their shadows. Modern India’s first (and great-

est) scholar of caste, Dr B.R. Ambedkar described theManusmriti thus: “There is no code of laws

more infamous regarding social rights than the Laws ofManu. Any instance from anywhere of social

injustice must pale before it.” (5).

Scheduled Castes (SC)

Those sub-castes that fell outside the four broad caste-groupings were the untouchables, which are

now grouped into a heterogeneous whole referred to as the Scheduled Castes. A term that is in-

creasingly commonly used for this grouping is “Dalits” (literally - “the oppressed”). Historically these

groups could not own land, conduct trade or business, receive education, or buy or sell in markets.

6These four groups, ranked by hierarchy, were the Brahmins (priests), theKshatriyas (warriors), theVaishyas
(traders) and Shudras (workers and farmers).
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Though the Indian state abolished untouchability in 1950, SCs lag severely on several socioeconomic

indicators even today12. Summarizing the literature - primarily in economics - from the two-decades

leading up to 2012 and looking specifically at material well-being across castes,37 argues that while

there exists substantial regional variation, there is no “reversal of traditional caste hierarchies”.

Caste-Barriers in India/Bihar today

Caste barriers continue to persist in India today, a fact rigorously documented across several social

science disciplines, including economics. Amere 11 % ofmarriages in Bihar, the setting for our study,

are inter-caste. On the other hand, 47 % of respondents surveyed say that someone in their house-

hold practices untouchability36. Caste-barriers continue to dictate labor-market outcomes (37,76)

and labor-market opportunities, with resume-studies confirming the presence of discrimination, even

in urban India79; caste-networks are seen as barriers to rural-urban migration66.57 presents evidence

of considerable prejudice among youths towards non-caste matched peers and rigorously documents

discrimination against lower-caste members.

3.2.2 Local Administrative Structure and Reservation

Bihar’s over 100 million strong rural population live in villages that are grouped into administrative

units calledGramPanchayats (GP).There are over 8400GPs inBihar. EachGP is headedby an elected

representative called the “Mukhiya”. In this paper, we will refer to the Mukhiya as the village head.

GPs are grouped into administrative units called “Blocks”: every block has 15.8 GPs. Each GP is

divided into wards. There are over 114000 wards in Bihar. Each ward is headed by an elected ward

member.

While elections for the village head’s post were held since 2001, the year 2006 marked the begin-

ning of political reservations for disadvantaged groups and women. This considerably changed the
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composition of the new cohort of village heads. In 2001, when there was no reservation, roughly 1 %

of village heads were SCs44. This number went up to nearly 17 % in 2006.

Bihar held 3 GP-level elections between 2006 and 2020: in 2006, 2011 and 2016. GPs reserved in

2006 stayed reserved till 2016 (for two electoral cycles), after which the reservation status of GPs was

rotated as per a pre-specified algorithm.

3.2.3 Role of Local Government during the Covid-19 pandemic

In Bihar, the government response to the pandemic in rural areas was largely mediated through lo-

cal government officials, in particular the village head. Village heads were – officially, at least – in

charge of ensuring quarantine centres were set up for migrants who returned from the cities and also

spreading awareness about covid-19 among citizens. Village heads were also supposed to liaise with

local members of government – including lower-tiered elected ward members and health workers –

to ensure that citizens showing symptoms were tracked and samples sent for testing. While all of this

was not done everywhere, in places some of these activities were undertaken, it was mainly due to the

village heads.

3.3 Data

We bring to bear a range of primary and secondary data sources.

3.3.1 Primary Surveys

We survey households across 100GPs spread over 50 blocks in 9 districts. GPswere randomly selected

such that they were close to the RD threshold (see next section for empirical strategy) for each block.

We sample GPs whose SC GP populations fall on either side of the 2006 and the 2016 thresholds,

within a bandwidth of 50 for the 2006 threshold and 100 for the 2016 threshold. Our in-person pri-
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mary surveys include a census of all households in two villages of the GP, a questionnaire that covered

stereotypes and beliefs across a sample of respondents, a survey on networks covering links between

households and a survey on resource access. Our dataset covers XX households.

In addition, we also did a survey on awareness about covid-19 symptoms and best practices after

the pandemic struck and field operations were halted.

3.3.2 Secondary Data

We collect data on elected local representatives from the 2006 GP elections from the state election

commission of Bihar.

3.4 Empirical Strategy

Our empirical strategy uses the same regression discontinuity designs described in74 and75. The state

of Bihar is divided into 38 districts, which are further divided into 534 blocks and 8400 GPs. Within

each block, the rule for reservation gives rise to an exogenous SC population cut-off below which no

GP is reserved. Above the cut-off, not all GPs are reserved for SCs, as some are blocked to be reserved

for OBCs. In practice, once we throw away GPs above the cut-off that are blocked, the first stage

results in a near 80 % jump in the probability of reservation7. We only select our sample from the GPs

that followed the algorithm.

Our running variable is the difference in SCpopulation of aGP and themean of the SCPopulation

of the last Panchayat to not be reserved and the first GP to be reserved. Thus, for GP i in Block j:

Runningij = SCPopij − (
SCPop1j + SCPop0j

2
) (3.1)

7We asked election officials serving at the time about the small discrepancy on the prediction in theory and
the actual reservation. Wewere told thismay have been because of the following reasons: officers calculating the
cut-off wrongly; disputes regarding actual SC population figures; manipulation by local officials of the status
of reservation of GPs. At least one instance of manipulation was flagged and officials punished.
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where SCPop refers to SC Population and 0 and 1 subscripts stand for the the last GP to not be

reserved and the first GP to be reserved, respectively.

Under the assumption of continuity of all other GP characteristics, the sharp RD estimator calcu-

lates the local average treatment effect (LATE) of having an SC village head in GPs with population

equal to the cutoff population for a block. Following27, we estimate a sharp regression discontinuity

design with covariates. Essentially, our primary specification uses a local linear regression within a

bandwidth of 100 of the treatment threshold, and controls for the running variable (SC population

in the GP) and a host of covariates - including block fixed effects, GP-level controls - on either side of

the threshold. We use the following two-stage instrumental variables specification:

Ygb = β0+β1Reservedgb+β2(SCPopgb−Tb)+β3(SCPopgb−T)∗1(Reservedgb)+ω∗Xg+α+εgb (3.2)

where Ygb is the outcome of interest in GP g and Block b;Reservedgb is ourmain treatment variable

which indicates that the village was reserved (and takes the value 1 if the SC Population of the GP is

higher than the threshold). Tb is the SC population cutoff for GPs in block b, SCPopgb is the SC-GP

population, Xg is a vector of GP-level controls and psi indicates block fixed effects. etagb and εgb are

error terms. GP level controls include total population of GP, whether GP was reserved for OBCs in

2006/2016 and the number of villages in the GP.

Since we have 2 cycles of regressions, we present pooled estimates – across both cycles – and also

separate estimates by year.
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3.5 Results

3.5.1 Public Goods

We now turn to whether exposure to reservation improves public goods, We focus on a set of lo-

cal public goods that can be targeted somewhat finely targeted: hand-pump in the house, repair of

drains/paved roads/mud roads in the recent past in the vicinity. We also create an index of these pub-

lic goods which is the total of the z-scores of these goods.

Table 3.1: Impact of SC Reserva on on Public Goods

PANEL: ALL

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

Home
Drain
Repair

Mud Road
Repair

Paved Road
Repair Index

SC Reservation -0.04** 0.07*** 0.03 -0.01 0.16
(0.02) (0.02) (0.02) (0.05) (0.10)

Control Mean .6800000000000001 .07 .14 .24 0
PANEL: SC

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

SC Reservation -0.02 0.12*** 0.02 0.03 0.30*
(0.04) (0.03) (0.04) (0.05) (0.16)

Control Mean .57 .07 .16 .21 -.13
PANEL: Non-SC

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

SC Reservation -0.07** 0.05** 0.04 -0.05 0.06
(0.03) (0.02) (0.03) (0.05) (0.10)

Control Mean .74 .08 .13 .26 .08

Outcome variables are all binary (Y/N): (1) handpump in the home (2) Drain repair in
the past 3 years (3) Mud road repair in the past 3 years (4) Paved road repair in the past
3 years (5) Normalized index of these. Each panel represents regressions run only for
that group of respondents. We control for GP-level covariates and Block-fixed effects.
All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table 3.1 presents the results. Exposure to reservation increases access to quality public goods for

all households, but this is driven mainly by the non-Mahadalit SC households who see increase in

access to roads and drains. Table 3.2 shows that the results are even stronger for the GPs that were

exposed to reservation in 2006.

Table 3.2: Impact of SC Reserva on on Public Goods (2006 Only)

PANEL: ALL

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

Home
Drain
Repair

Mud Road
Repair

Paved Road
Repair Index

SC Reservation -0.10*** 0.09** 0.12*** -0.02 0.29**
(0.02) (0.04) (0.04) (0.05) (0.15)

Control Mean .69 .08 .13 .26 0
PANEL: SC

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

SC Reservation 0.01 0.17** 0.18*** 0.05 0.73***
(0.06) (0.08) (0.06) (0.07) (0.28)

Control Mean .5600000000000001 .06 .12 .21 -.25
PANEL: Non-SC

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

SC Reservation -0.17*** 0.04 0.08* -0.05 0.04
(0.04) (0.03) (0.05) (0.07) (0.14)

Control Mean .77 .09 .13 .29 .14

Outcome variables are all binary (Y/N): (1) handpump in the home (2) Drain repair in
the past 3 years (3) Mud road repair in the past 3 years (4) Paved road repair in the past 3
years (5) Normalized index of these. Each panel represents regressions run only for that
group of respondents. We control for GP-level covariates and Block-fixed effects. All
standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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3.5.2 Stereotypes

We begin by focusing on how exposure to reservation affects stereotypes among the population to-

wards SCs and non-SCs. We begin by seeing how stereotypes change with respect to SCs relative to

non-SCs. We focus on beliefs along four main dimensions: hardowrk, intelligence, trust and fraud.

For each outcome, a respondent was asked to rank SCs/non-SCs on a scale of 1 to 100. Our main

outcome variable calculates, for each individual respondent, the difference in responses for SCs and

non-SCs. For instance, the question for hardwork was: ”how many out of 100 individuals of your

(SCs/non-SCs) are hardworking?”We calculate the difference in proportions mentioned for SCs and

non-SCs. We then run our main RD specification (see equation XX).

Table 3.3 presents the results. In Panel A, we consider all households: we see that in reserved GPs,

the difference in trustworthiness between SCs and non-SCs increases and, relative to non-SCs, SCs are

likely to be considered to commitmore fraud. Panel B and Panel C runs the regressions but keeping

only SC/non-SC respondents in the sample. These results suggest that while reservation makes SCs

perception of themselves as more hardworking, the decrease in relative trustworthiness seen in Panel

A is driven by changes in perceptions of both SCs and non-SCs.

What drives the relative worsening of perception of SCs? Is it a reduction in perceptions about

SCs or an increase in perceptions about non-SCs? Table 3.4 presents results. Panel A shows that

perception about SCs – particularly their trustworthiness – reduces for SCs. This is driven primarily

by SC respondents (Panel B): reservation makes SC respondents less trustworthy of their own and

makes them think that SCs are more likely to commit fraud.
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Table 3.3: Impact of SC Reserva on on Stereotypes: Differences b/w SCs and non-SCs

PANEL A: Overall

(1) (2) (3) (4)
Hardwork
(SC - NSC)

Intelligence
(SC - NSC)

Trust
(SC - NSC)

Fraud
(SC - NSC)

SC Reservation 1.22 -0.48 -3.13** 2.78*
(1.39) (1.74) (1.42) (1.61)

Observations 2404.00 2413.00 2417.00 2381.00
Mean 7.4 -17.75 1.55 -7.91
Bandwidth 100 100 100 100
Block FE YES YES YES YES

PANEL B: SC

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

SC Reservation 4.28** -1.53 -4.25* 3.62
(2.08) (3.13) (2.28) (2.83)

Observations 867.00 878.00 880.00 865.00
Mean 12.19 -18.49 7.93 -11.43
Bandwidth 100 100 100 100
Block FE YES YES YES YES

PANEL C: Non-SCs

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

SC Reservation 0.13 -0.30 -2.52 2.49*
(2.05) (1.55) (1.90) (1.49)

Observations 1537.00 1535.00 1537.00 1516.00
Mean 4.02 -17.04 -2.18 -6.05
Bandwidth 100 100 100 100
Block FE YES YES YES YES

Outcome variables are the differences in perceived difference in characteris-
tics between SCs and non-SCs. In panel A, we report results for all respon-
dents. In Panel B, we restrict our sample only to SC respondents. In Panel
C, we restrict our sample only to non-SC respondents. We control for GP-
level covariates and Block-fixed effects. All standard errors are clustered at
the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table 3.4: Impact of SC Reserva on on Stereotypes: SCs

PANEL A: Overall

(1) (2) (3) (4)
Hardwork (LC) Intelligence (LC) Trust (LC) Fraud (LC)

SC Reservation -1.60 -2.09** -3.32*** 2.22
(1.46) (1.00) (1.15) (1.60)

Observations 2427.00 2419.00 2425.00 2392.00
Mean 48.03 36.49 33.98 31.96
Bandwidth 100 100 100 100
Block FE YES YES YES YES

PANEL B: SC

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

SC Reservation -0.57 -1.10 -6.00** 4.98**
(2.13) (1.28) (2.55) (1.94)

Observations 879.00 882.00 885.00 869.00
Mean 50.69 36.65 37.19 30.13
Bandwidth 100 100 100 100
Block FE YES YES YES YES

PANEL C: Non-SCs

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

SC Reservation -2.18 -2.96** -2.12 0.72
(2.08) (1.43) (1.39) (1.83)

Observations 1548.00 1537.00 1540.00 1523.00
Mean 46.43 36.56 32.33 33.29
Bandwidth 100 100 100 100
Block FE YES YES YES YES

Outcome variables are the differences in stereotypes about SCs. In panelA,we report
results for all respondents. In Panel B, we restrict our sample only to SC respondents.
In Panel C, we restrict our sample only to non-SC respondents. We control for GP-
level covariates and Block-fixed effects. All standard errors are clustered at the Block
level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Contributions to anNGO

These findings are reinforced in a “donation” experiment we run: we asked respondents how much

they would be willing to contribute to a (fictitious) NGO called ”Save The Ganga Organization”. In

the experiment, theNGO is run by either an SC or a non-SC.8 The name/caste is randomized. To test

if biases towards SCs have increased or reduced, we measure check for differences in contributions

made.

Table 3.5: Impact of SC Reserva on on Contribu on to Fic ous NGO

Overall SCs Non-SCs

(1) (2) (3) (4) (5) (6)
UCName LC Name UC Name LC Name UC Name LC Name

SC Reservation 13.67 -21.39* 12.29 -1.60 11.97 -30.28**
(10.94) (11.02) (12.29) (16.95) (16.62) (14.37)

Observations 1211.00 1251.00 432.00 462.00 779.00 789.00
Mean 30.76 41.03 42.2 45.64 23.16 40.1
Bandwidth 100 100 100 100 100 100
Block FE YES YES YES YES YES YES

Outcome variables are the differences in stereotypes about non-SCs. In panel A, we report re-
sults for all respondents. In Panel B, we restrict our sample only to SC respondents. In Panel
C, we restrict our sample only to non-SC respondents. We control for GP-level covariates and
Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

Table 3.5 presents the results. GPs exposed to reservation show lower contributions to an NGO

run by amanwith an SCname. This is driven by a substantial decrease in contributionsmade by non-

SCs. We find that this decrease is driven by lower contributions in both, GPs currently and previously

exposed to reservation (Table 3.6).

8The exact text of the question goes: Mr. Jagdish Singh/Aniruddh Rajak has been working as an activist to
save the Ganga since his college days. He works for the Ganga Bachao Samiti (Save the Ganges Organization)
which is a Patna based NGO which works to clean the river Ganga. Mr Jagdish Singh/Aniruddh Rajak was
born in the Bhumihar/Rajak Caste in Patna District and has done his Masters and PhD in Social Work from
Patna. Under his leadership the Ganga Bachao Samiti is organizing a collection drive to fund its efforts for the
forthcoming year 2019.
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Table 3.6: Impact of SC Reserva on on Contribu on to Fic ous NGO

Overall 2006 2016

(1) (2) (3) (4) (5) (6)
UCName LC Name UC Name LC Name UC Name LC Name

SC Reservation 13.67 -21.39* 41.31* -30.88* -2.94 -19.54
(10.94) (11.02) (22.83) (17.27) (10.28) (14.89)

Observations 1211.00 1251.00 485.00 519.00 726.00 732.00
Mean 30.76 41.03 4.83 31.37 47.06 50.26
Bandwidth 100 100 100 100 100 100
Block FE YES YES YES YES YES YES

Outcome variables are the differences in stereotypes about non-SCs. In panel A, we report re-
sults for all respondents. In Panel B, we restrict our sample only to SC respondents. In Panel
C, we restrict our sample only to non-SC respondents. We control for GP-level covariates and
Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.
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3.5.3 Appropriateness of Caste Norms

We now turn to whether caste norms are reinforced or reduced due to exposure to reservation. We

asked respondents about the prevalence of four broad caste practices: (i) and (ii) for a low/high caste

to eat in a high/low caste household; (iii) for a low/high caste to hug a high/low castemember; (iv) the

practice of untouchability. For each of these, we asked respondents to rank appropriateness of these

behaviours. We then calculate a simple z-score of each of these and create an index of appropriateness

as the mean of these z-scores.

Table 3.7 presents the results: exposure to reservation reinforces caste norms. Our index of ap-

propriateness of non-caste norms decreases by 0.14σ. These responses are consistent across SCs and

non-SCs, suggesting that the norms are being reinforced across all groups (Panels B andC, Table 3.7).

3.5.4 Degree

How does exposure to reservation change the network structure of the village? For each household,

we collect data on households in their network. We then calculate the number of links households

have with other households. This gives us each household’s degree. We calculate the degree density

of groups: i.e the ratio of the number of links a household has with a particular caste as a share of the

households of that caste.

Table 3.8 presents the results. We find that reservation increases SC degree density. This is primar-

ily driven by SCs’ links with their own type. When we observe the breakdown of this by finer caste

groupings, we see that this effect is driven by Mahadalits – the lowest SCs – developing more links

with their own type and with other SCs.

We have now established that exposure to reservation increases SCs’ access to resources, worsens

sterotypes about SCs and reinforces caste norms. We then showed that SC links’ with themselves

increases. How does this affect downstream outcomes? To test this, we turn to our phone survey
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done during April/May 2020, during the peak of the covid-19 crisis in India. The state response to

the covid-19 crisis has relied heavily on the village heads to pass on key information and also ensure

social distancing in villages.
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Table 3.7: Impact of SC Reserva on on Appropriateness of Non-Caste Norms

PANEL A: Overall

(1) (2) (3) (4) (5)
LC eats at

UC
UC eats at

LC
UC hugs

LC
Untouchability

Extent
Appropriateness

Index
SC Reservation -4.02** -3.97** -4.64*** 3.09** -0.14***

(1.56) (1.84) (1.73) (1.22) (0.03)

Observations 2492.00 2496.00 2492.00 2509.00 2522.00
Mean 32.73 44.27 43.47 33.87 0
Bandwidth 100 100 100 100 100
Block FE YES YES YES YES YES

PANEL B:SC

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

SC Reservation -5.90** -5.30** -3.83 2.43 -0.12**
(2.43) (2.34) (3.01) (2.03) (0.06)

Observations 911.00 911.00 908.00 918.00 920.00
Mean 36.65 43.17 42.06 37.69 -.02
Bandwidth 100 100 100 100 100
Block FE YES YES YES YES YES

PANEL C: Non-SCs

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

SC Reservation -2.09 -3.44 -4.75** 3.68** -0.14***
(1.37) (2.45) (1.93) (1.45) (0.04)

Observations 1565.00 1569.00 1568.00 1575.00 1586.00
Mean 30.39 44.99 44.43 31.59 .01
Bandwidth 100 100 100 100 100
Block FE YES YES YES YES YES

Outcome variables are the differences in appropriateness of four common caste-norms: a low
case eating in a high caste household, a high caste eating in a low caste household, a low caste
and a high caste hugging and the practice of untouhability. In panel A, we report results all
types of respondents. In Panel B, we restrict our sample only to SC respondents. In Panel C,
we restrict our sample only to non-SC respondents. We control for GP-level covariates and
Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.
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Table 3.8: Impact of SC Reserva on on Degree Density (Degree per 1000 Hhds)

PANEL: ALL

(1) (2) (3) (4) (5)
MDs Non-MD SCs EBC Non-EBC OBCs Gen

SC Reservation 0.22** -0.04 0.12 0.02 -0.20
(0.11) (0.23) (0.11) (0.20) (0.19)

Control Mean 1.77 1.69 1.67 2.20 1.90
PANEL: MD

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

SC Reservation 0.99* 0.26 0.28 0.03 0.16
(0.53) (0.26) (0.20) (0.10) (0.25)

Control Mean 6.09 1.38 0.54 0.82 0.57
PANEL: (Non-MD) SC

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

SC Reservation 0.21 -1.84* 0.02 0.04 -0.00
(0.19) (1.02) (0.16) (0.12) (0.18)

Control Mean 0.94 7.33 0.67 0.50 0.57
PANEL: EBC

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

SC Reservation -0.03 0.21 -0.96** 0.49 0.30
(0.08) (0.24) (0.40) (0.31) (0.23)

Control Mean 0.44 0.76 3.78 1.56 0.97
PANEL: (Non-EBC) OBC

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

SC Reservation 0.07 0.08 0.41* -0.05 -0.45
(0.07) (0.25) (0.23) (0.52) (0.31)

Control Mean 0.40 0.61 0.86 5.54 1.20
PANEL: GEN

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

SC Reservation 0.05 -0.10 0.10 -0.29 -2.50**
(0.10) (0.25) (0.15) (0.29) (1.22)

Control Mean 0.26 0.33 0.70 1.10 6.50

Outcome variables are (1) degree across all types of households (2) across Ma-
hadalits (3) Non-Mahadalit SCs (4) Extremely Backward Castes (5) Other Back-
ward Castes (6) “General” category castes. Each panel represents regressions run
only for that group of respondents. We control forGP-level covariates andBlock-
fixed effects. All standard errors are clustered at the Block level. *p < 0.1,
**p < 0.05, ***p < 0.01. 118



3.5.5 Covid-19 survey

We first look at how exposure to reservation changes hand-washing practices for SCs and non-SCs.

To do so, we only focus on GPs reserved in 2016. This is because, given the immediate nature of

the covid-19 crisis and the role of the incumbent village head on outcomes, it makes most sense to

compares villages that currently have an SC village head with those that do not.

Table 3.9 presents the results: we find no impact of having an SC village head on reported hand-

washing of self or others in the village. Similarly we find no effects on either mask use or interactions

with others in the village.

Some of these results may be an artefact of our smaller samples for the phone survey. Another

reason could be that the covid-19 crisis has galvanized society in a way that existing differences are

minimized as opposed to amplified. This could account for the fact that we see changes in stereotypes

and beliefs, but no real changes in awareness about covid-19 practices.
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Table 3.9: Impact of SC Reserva on on Handwashing (2016 Only)

PANEL A: Overall

(1) (2) (3)
Own In A Day Average Person In A Day Average Person Going Out 10 Times

SC Reservation -0.67 -0.80 -0.52
(0.56) (0.34) (0.18)
(0.227) (0.017) (0.004)

Observations 1281 871 1007
Control Mean 7.56 6.46 6.89
Bandwidth 100 100 100
Block FE YES YES YES

PANEL B: SC

(1) (2) (3)

SC Reservation 0.14 -0.63 -0.85
(0.69) (0.45) (0.49)
(0.845) (0.164) (0.083)

Observations 355 249 288
Control Mean 7.23 5.92 6.80
Bandwidth 100 100 100
Block FE YES YES YES

PANEL C: Non-SCs

(1) (2) (3)

SC Reservation -1.00 -0.97 -0.50
(0.63) (0.42) (0.21)
(0.110) (0.021) (0.019)

Observations 926 622 719
Control Mean 7.69 6.68 6.92
Bandwidth 100 100 100
Block FE YES YES YES

Outcome variables: (1) Number of times respondent reported washing hands with soap in the past 24 hours (2) Number of
times respondent believed an average person in their village washed their hands with soap, for more than 20 seconds in a day
(3) Number of times respondent believed an average person in their village washed their hands with soap, for more than 20
seconds, if they went outside their house 10 times. Each panel represents regressions run only for that group of respondents.
We control for GP-level covariates and Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1,
**p < 0.05, ***p < 0.01.
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3.6 Conclusion

This paper presents preliminary evidence on how exposure to minority leaders in villages affects three

sets of outcomes: beliefs and stereotypes of caste groups, appropriateness of social norms and the

network structure of villages. We find that, contrary to previous work, reservation reinforces caste

stereotypes and norms and this results in SCs interacting with more of their own type. This, despite

results suggesting that in the long-run, exposure to reservation benefits members of SC communities.

Our preliminary results on how these changes affect downstream outcomes – like response to the

covid-19 crisis – ismoremuted and suggests no significantdifferences between reserved andunreserved

areas.
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“All men are born equal and free” is not Nature’s law in

the literal sense.

M. K. Gandhi

On the 26th of January 1950, we are going to enter into a

life of contradictions. In politics we will have equality and

in social and economic life we will have inequality.

Dr. B. R. Ambedkar

4
Conclusion

Themakers ofmodern India were conscious of the fact that Indian society was deeply unequal. Caste

segregated individuals into a hierarchical structure that createddeepdivisions in society. Sevendecades

since, how far have we come? Table 4.1 takes data from over 17 million rural households in Bihar and

plots average wealth percentiles by surnames. 6 of the 7 poorest surnames belong to members of the

historically marginalized scheduled castes (SCs). There are only two SC surnames in the top half of

the distribution and none in the top third.
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Figure 4.1: Figure plots average wealth percen le by surname for the most common 56 surnames in Bihar.
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The three chapters in the dissertation argue that decentralization and affirmative action policies

play key roles in balancing outcomes in favour of SCs. However, despite over two decades of such

policies being around, there is still some way to go.

Caste is both deeply entrenched and surprisingly resilient in the way it orders social life in Indian

society: a fact borne out repeatedly in these chapters. Policymaking is a nuanced science and any pol-

icymaker must take care in ensuring that the fullest benefits of affirmative action policies are realised,

accounting for both the range of direct and spillover effects of such policies over space and time.
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A
Appendix Chapter 1
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Table A.1: Impact of Caste Differences on WAS Projects and Delays for SC lower- ered representa ves from richest sub-caste
(RD)

Year 1 Year 2

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (Non-SC) -0.11** -0.26*** 0.03 -0.09

(0.05) (0.10) (0.06) (0.19)

Observations 8243.00 8243.00 8243.00 8243.00
Control Mean .3 .5 .59 1.27
Bandwidth 223 223 223 223
Upper Band YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project was
undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken (Total
Projects). Caste differences is the treatment variable which takes the value of 1 if the SC-GP
population is below the population threshold (and hence differences occurs). Upper-tiered rep-
resentatives are almost always SC above the cutoff and virtually never SC below the cutoff. For
SC lower-tiered representatives (who we restrict attention to here), this implies potential caste
matching above and caste differences below. We use CCT triangular bandwidths and estimate
fuzzy RD specifications described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates, ward-level covariates and Block-fixed effects. All standard errors are clustered at the
GP-level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table A.2: Impact of Caste Differences on How Projects Are Implemented (RD)

Impact of Caste Differences on WAS Projects in SCWards (RD)

(1) (2) (3)

Incomplete Delay
Report Trouble by

Upper-Tier
Caste Differences (SC) 0.27** 0.34*** 0.12**

(0.11) (0.11) (0.06)

Observations 213 208 213
Control Mean -.17 -.35 -.07
Bandwidth 100 100 100
GP Controls YES YES YES

Outcome variables are in the following order: (1) Scheme Incomplete or Not done (2) Delay of over 5 months
in implementation (3) Faced trouble from the upper-tiered representative. Our sample comprises SC-wards
in randomly sampled GPs from either side of the RD cutoff within a bandwidth of 100. Caste differences is
the treatment variable which takes the value of 1 if the SC-GP population is below the population threshold
(and hence differences occur). Upper-tiered representatives are almost always SC above the cutoff and virtually
never SC below the cutoff. For SC lower-tiered representatives (who we restrict attention to here), this implies
potential caste matching above and caste differences below. We use CCT triangular bandwidths and estimate
fuzzy RD specifications described in the paper (equation 2.2 and 3.2).We control for GP-level covariates, ward-
level covariates and Block-fixed effects. All standard errors are clustered at the GP-level.*p < 0.1, **p < 0.05,
***p < 0.01.
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Table A.3: Impact of Caste Differences on Why Projects Are Not Implemented and Responses (RD)

Impact of Caste Differences on Public Goods (RD)

(1) (2) (3) (4) (5)
Upper-Tier

Fund
Caste-

Favoring
Procedural
Reason

Informal
Approach

Formal
Complaint

Caste Differences (SC) 0.24* 0.06* -0.19** -0.24** 0.48**
(0.13) (0.04) (0.08) (0.11) (0.20)

Observations 1610 1610 1610 1610 774
Control Mean 0.33 0.03 0.16 0.76 0.49
Lower Band 284.90 438.14 229.37 267.34 280.69
Upper Band 284.90 438.14 229.37 267.34 280.69
Controls YES YES YES YES YES

Outcome variables are in the following order: (1) Whether no project due to upper-tier representative refus-
ing to pass on funds (2) Whether no project due funding issues caused by caste-favoring by the upper-tiered
representative (3)whether noproject due toprocedural reasons (4)Whether informally approached theupper-
tiered representative/bureaucrat regarding non-implementation (4) Whether take-up our offer to file formal
complaints on their behalf. Our sample comprises SC-wards where at least one of the WAS projects haven’t
been undertaken yet. Caste differences is the treatment variable which takes the value of 1 if the SC-GP pop-
ulation is below the population threshold (and hence differences occur). Upper-tiered representatives are
almost always SC above the cutoff and virtually never SC below the cutoff. For SC lower-tiered representa-
tives (who we restrict attention to here), this implies potential this implies potential caste matching above and
caste differences below. We use CCT triangular bandwidths and estimate fuzzy RD specifications described
in the paper (equation 2.2 and 3.2).We control for GP-level covariates, ward-level covariates and Block-fixed
effects. All standard errors are clustered at the GP-level.*p < 0.1, **p < 0.05, ***p < 0.01.
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Table A.4: Impact of Sub-caste Differences on WAS Projects and Delays (RD)

Project Undertaken (Year 2)

(1) (2) (3)
All
GPs

Non-SC
Upper-Tier

SC
Upper-Tier

Sub-Caste Differences -0.05* -0.06* 0.00
(0.03) (0.03) (0.08)

Observations 9623 8174 1449
Control Mean 0.60 0.57 0.74
Bandwidth 0.16 0.14 0.13

The main outcome variable is a binary that looks at whether any WAS
project was undertaken at the end of Year 2. We restrict attention to
all pairs of lower- and upper-tiered representatives where the surname
of the lower-tiered representative matches with either the winner or the
loser of the upper-tiered post’s election. Sub-caste differences is the
treatment variable which takes the value of 1 if the lower- and upper-
tiered representatives’ surnames are different because the upper-tiered
representative narrowly won (or lost) an election. Our running vari-
able is the vote-margin of victory. We estimate an equation of the form
described in the paper (equations 1.10. We estimate local linear regres-
sions on either side of the cutoff and use CCT triangular bandwidths.
We control for GP-level covariates, ward-level covariates and Block-fixed
effects. All standard errors are clustered at the GP-level. *p < 0.1,
**p < 0.05, ***p < 0.01.
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Table A.5: Do SC lower- ered representa ves file more complaints upon winning elec ons? (RD)

Impact of Winning on Grievances

(1) (2) (3) (4) (5)
Grievance
Filed

Public
Grievance

Local
Government

WAS
Project

Placebo:
Private

Winning Election RD 0.047*** 0.038*** 0.030*** 0.028*** -0.001
(0.011) (0.007) (0.004) (0.004) (0.005)

Observations 35763 35763 35763 35763 35763
Control Mean .04 .01 0 0 .02
Bandwidth .15 .15 .21 .2 .16

Outcome variables are as follows: (1) Total complaints filed by candidate; (2) Total Public complaints
filed by candidate (3) Total local administration related complaints filed (4) Total WAS project-related
complaints filed. Our sample comprises all winning and losing lower-tiered SC candidates. We esti-
mate close-election based RD specification described in equation 1.11. We estimate CCT triangular
bandwidths.*p < 0.1, **p < 0.05, ***p < 0.01.
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Table A.6: How Representa ve is the Final Sample?

(1) (2) (3)
Variable Population Sample Difference
Margin of Victory (Ward) 27.051 27.806 0.756

(23.800) (24.305) (0.721)
Votes Obtained (Ward) 157.134 161.389 4.254***

(54.642) (54.736) (1.632)
Total Candidates (Ward) 2.659 2.680 0.021

(1.253) (1.264) (0.035)
Age (Lower-Tiered Representative) 39.825 38.950 -0.875***

(13.350) (11.068) (0.329)
Literate (Lower-Tiered Representative) 0.576 0.531 -0.045***

(0.494) (0.499) (0.014)
Illiterate (Lower-Tiered Representative) 0.145 0.106 -0.039***

(0.352) (0.308) (0.009)
Ward Reserved for SCs 0.645 0.616 -0.029**

(0.479) (0.486) (0.013)
Margin of Victory (GP) 169.732 171.240 1.509

(170.502) (172.391) (4.754)
Votes Obtained (GP) 1,242.712 1,260.360 17.648

(500.574) (504.305) (13.892)
Total Candidates (GP) 12.470 12.504 0.035

(5.456) (5.459) (0.151)
Age (Upper-Tiered Representative) 40.318 40.712 0.394

(12.398) (10.449) (0.310)
Total Candidates (GP) 12.470 12.504 0.035

(5.456) (5.459) (0.151)
Literate (Upper-Tiered Representative) 0.347 0.323 -0.025*

(0.476) (0.468) (0.013)
Illiterate (Upper-Tiered Representative) 0.016 0.014 -0.001

(0.124) (0.118) (0.003)
Observations 3,588 2,117 5,705

NOTE: Tables present category-wise averages and t-tests of difference in
means.*p < 0.1, **p < 0.05, ***p < 0.01..
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Table A.7: Balance Checks for Informa on Only Treatment

(1) (2) (3)
Variable Control Treatment Difference
Mean SCWealth Score 0.068 0.035 -0.033

(0.571) (0.703) (0.079)
Mean non-SCWealth Score 0.022 0.082 0.060

(0.515) (0.529) (0.064)
Upper-Tiered Representative Age 40.797 40.808 0.011

(10.224) (10.071) (1.240)
Proportion of SCs (Census 2011) 0.193 0.198 0.005

(0.090) (0.075) (0.010)
Distance to Nearest Statuatory Town (Census 2011) 25.004 23.449 -1.555

(14.904) (15.655) (1.884)
Distance to District Headquarters (Census 2011) 36.478 33.685 -2.793

(22.046) (17.323) (2.431)
Number of Villages in GP (Census 2011) 5.504 5.693 0.189

(3.875) (4.292) (0.505)
Total GP Area (Census 2011) 1,100.919 1,008.475 -92.444

(692.032) (535.960) (75.880)
Total Population of GP (Census 2011) 11,080.661 10,933.098 -147.563

(3,021.192) (3,046.847) (368.973)
Percentages of SCs inMain SC Village (Census 2011) 29.822 34.375 4.553*

(16.646) (23.093) (2.645)
Index of Public Goods (Census 2011) 0.140 0.094 -0.046

(0.347) (0.384) (0.045)
Wealth Score of Upper-Tiered Representative’s Sub-caste 0.238 0.326 0.088

(0.502) (0.649) (0.075)
Lower-Tiered Representative’s Age 38.411 38.138 -0.273

(10.663) (10.427) (1.282)
Lower-Tiered Representative’s Gender 0.348 0.446 0.098

(0.478) (0.499) (0.060)
Observations 141 130 271

NOTE: Tables present category-wise averages and t-tests of difference in means.*p < 0.1, **p <
0.05, ***p < 0.01.
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Table A.8: Spillover Impact of Treatment on Complaint Filing (Surveyed Sample)

Impact of Treatment on Complaints Filed in NeighbouringWards

(1) (2) (3)
Complaints Local Admin WAS

Treated GP 0.0254** 0.0203** 0.0250**
(0.0115) (0.0098) (0.0106)

Mean .0051 .0024 .0023
Observations 789.0000 789.0000 789.0000
Block FE YES YES YES
GP Controls YES YES YES

Outcome variables are as follows: (1) Total complaints per ward; (2) Total local administration-
related complaints per ward; (3) Total WAS project-related complaints per ward. All regressions
are run over our one randomly sampled ward from GPs with only one experimental ward (either
treatment or control). These form 75% of our GPs. All regressions include all non-experimental
lower-tiered representatives (for whom data is available) in these GPs. Standard errors are clustered
at the GP-level.*p < 0.1, **p < 0.05, ***p < 0.01
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A.1 Robustness Checks

A.1.1 Caste Differences and Public Goods

Table A.9: Impact of Reserva on for SC on WAS Projects and Delays in non-SC wards (RD)

Year 1 Year 2

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (Non-SC) 0.03** 0.06 0.07 0.02

(0.02) (0.04) (0.07) (0.03)

Observations 52468.00 52468.00 52468.00 52468.00
Control Mean .11 .17 .72 .35
Bandwidth 230 230 230 230
Upper Band YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project was
undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken (Total
Projects). Caste differences (NSC) is the treatment variable which takes the value of 1 if the SC-
GP population is above the cutoff and thus there are caste differences for the non-SC group be-
tween the two tiers of representatives. We control for GP-level covariates, ward-level covariates
and Block-fixed effects. All standard errors are clustered at the GP-level.*p < 0.1, **p < 0.05,
***p < 0.01.
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Table A.10: Robustness 1: 50 % Bandwidth

Year 1 Year 2

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

Undertaken (Y/N)
Project

Undertaken (Y/N)
Total

Projects
Total

Projects
Caste Differences (SC) -0.11** -0.12 -0.03 -0.17

(0.05) (0.11) (0.06) (0.19)

Observations 17075 17075 17075 17075
Control Mean .3 .51 .6 1.27
Bandwidth 120 120 120 120
Block FE YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project
was undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken
(Total Projects). Caste differences is the treatment variable which takes the value of 1 if
the SC-GP population is below the population threshold (and hence differences occur).
Upper-tiered representatives are almost always SC above the cutoff and virtually never SC
below the cutoff. For SC lower-tiered representatives (who we restrict attention to here),
this implies potential caste matching above and caste differences below. We use 50% of
the CCT triangular bandwidths and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates, ward-level covariates and
Block-fixed effects. All standard errors are clustered at the GP-level. *p < 0.1, **p < 0.05,
***p < 0.01.
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Table A.11: Robustness 2: 150 % Bandwidth

Year 1 Year 2

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

Undertaken (Y/N)
Project

Undertaken (Y/N)
Total

Projects
Total

Projects
Caste Differences (SC) -0.09*** -0.11 -0.03 -0.10

(0.03) (0.07) (0.04) (0.12)

Observations 17075 17075 17075 17075
Control Mean -.29 -.51 -.58 -1.28
Bandwidth 360 360 360 360
Block FE YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project
was undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken
(Total Projects). Caste differences is the treatment variable which takes the value of 1 if
the SC-GP population is below the population threshold (and hence differences occur).
Upper-tiered representatives are almost always SC above the cutoff and virtually never SC
below the cutoff. For SC lower-tiered representatives (who we restrict attention to here),
this implies potential caste matching above and caste differences below. We use 150% of
the CCT triangular bandwidths and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates, ward-level covariates and
Block-fixed effects. All standard errors are clustered at the GP-level. *p < 0.1, **p < 0.05,
***p < 0.01.
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A.1.2 Caste Differences and Formal Complaints Technology

Table A.12: Robustness

PANEL A: Half Bandwidth

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

Government
Public
Goods

WAS
Goods

Mention
Ward

Placebo
Private

Caste Differences (SC) 0.041** 0.067*** 0.040** 0.018** 0.007
(0.017) (0.022) (0.017) (0.008) (0.016)

Observations 15821 15821 15821 15821 15821
Control Mean .02 .03 .02 0 .02
Upper Band 144.35 144.35 144.35 144.35 144.35
Block FE YES YES YES YES YES

PANEL B: 1.5 Bandwidth

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

Government
Public
Goods

WAS
Goods

Mention
Ward

Placebo
Private

Caste Differences (SC) 0.023** 0.031** 0.023** 0.014*** -0.003
(0.010) (0.013) (0.010) (0.005) (0.008)

Observations 15821 15821 15821 15821 15821
Control Mean .02 .03 .02 0 .01
Upper Band 433.05 433.05 433.05 433.05 433.05
Block FE YES YES YES YES YES

Panel A replicates Table 1.5 but with half the CCT triangular bandwidth. Panel B replicates Panel
A of table 1.5 but with 1.5 times the CCT triangular bandwidth. The effects remain consistently
negative across both types of bandwidths.*p < 0.1, **p < 0.05, ***p < 0.01.
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Table A.13: Impact of Caste Differences on How Projects Are Implemented (RD)

Impact of Caste Matching onWASWork (RD)

(1) (2) (3) (4)
Incomplete Delay Contractor Trouble Upper Tier

Caste-Matching -0.21 -0.23* 0.09 -0.11
(0.13) (0.12) (0.12) (0.07)

Observations 237.00 232.00 223.00 237.00
Control Mean .24 .41 .62 .09
Lower Band 100 100 100 100
Upper Band 100 100 100 100
Block FE NO NO NO NO
GPControls NO NO NO NO

Outcome variables are in the following order: (1) Scheme Incomplete or Not done (2) Delay
of over 5 months in implementation (3) Whether they hired the contractor or somebody else
did (4) Faced trouble from the upper-tiered representative. Our sample comprises SC-wards
in randomly sampled GPs from either side of the RD cutoffwithin a bandwidth of 100. Caste
differences is the treatment variablewhich takes the value of 1 if the SC-GPpopulation is below
the cutoff and thus caste differences occur between the two tiers of representatives. All standard
errors are clustered at the GP-level where indicated.*p < 0.1, **p < 0.05, ***p < 0.01.
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Table A.14: Do non-SCs with more of their own type discriminate more against SC lower- ered representa ves?

PANEL A: 3 or Below

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (SC) -0.10** -0.15 -0.03 -0.24

(0.05) (0.10) (0.05) (0.15)

Observations 13072.00 13072.00 13072.00 13072.00
Control Mean .29 .49 .59 1.24
Bandwidth 230 230 230 230
Upper Band YES YES YES YES

PANEL A: 4 or Above

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

Undertaken (Y/N)
Total

Projects
Project

Undertaken (Y/N)
Total

Projects
Caste Differences (SC) -0.11** -0.12 -0.04 -0.10

(0.05) (0.11) (0.05) (0.21)

Observations 13236.00 13236.00 13236.00 13236.00
Control Mean .29 .49 .59 1.24
Bandwidth 230 230 230 230
Upper Band YES YES YES YES

Outcome variables are either: (a) a binary variable that capture whether any WAS project
was undertaken (Project Undertaken (Y/N); (b) The total number of projects undertaken
(Total Projects). Caste differences (SC) is the treatment variable which takes the value of 1
if the SC-GP population is below the cutoff and thus there are caste differences for the SC
group between the two tiers of representatives. We control for GP-level covariates, ward-
level covariates and Block-fixed effects. All standard errors are clustered at the GP-level.*p <
0.1, **p < 0.05, ***p < 0.01.
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A.2 Model Assumptions Revisited

In this section, we relax assumptions in the model described in section 1.3 and discuss conditions

under which we see the results we do in our empirical section.

A.2.1 Modeling caste and administrative hierarchies

Our model assumes that the upper-tiered representative faces greater costs because (a) they are non-

lower caste and hence dislikeworkingwith lower caste lower-tiered representatives (b) they face greater

opportunity costs of collaboration since they canpotentially collaboratewith other lower-tiered repre-

sentatives. Thus, the costs we see arise from the simultaneous occurrence of two separate hierarchies:

(a) caste (b) administrative.

One potential way to nest these hierarchies in our setting is to model four separate costs, for each

combination of tiers (U andL) and castes (NSC and SC). Thus, wewould haveEU,NSC,EU,SC,EL,NSC,

EL,SC. We believe that while this could potentially make for a fuller model, it doesn’t addmuch to our

understanding of how hierarchies affect collaboration or square with how these intertwining hierar-

chies play out in the real world.

Two important factors from the real world are important to note here: first, the lower-tiered rep-

resentative, irrespective of caste, would be extremely willing to collaborate. The reasoning is simple:

these schemes constitute the universe of projects the lower-tiered representative has control over. If

they wish to be re-elected, it will largely rest on their ability to successfully implement these projects.

Thus, as our results also show, the implementation hold up is unlikely to be driven by lower-tiered

representatives. In other words, it is not at all unreasonable to assume that EL,NSC = EL,SC ≈ 0. Sec-

ondly, as the vast literature on caste in India shows, caste hierarchies are extremely rigid and, given

the gradedness of the system, always result in asymmetric costs. In particular, SCs are unlikely to face

collaboration costs fromworkingwith non-SCs. Thus, it is not far-fetched to assumeEU,SC≈ 0. This
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leaves us with the following claim, as our model also assumes: EU,NSC > 0.

A.2.2 Introducing EL

If, despite these above caveats, we assume that both U and L face additional costs EU and EL respec-

tively from collaboration. How does that affect whether or not (a) collaboration occurs under differ-

ences (b) whether complaints are filed?

We consider the case where the formal complaints technology is in place. Thus, for the L, the

collaboration constraint changes from 1.2 to:

p ∗ (eL − (1− δ)τ∗) < CeL < (1− δ)τ∗ − C
p
+ EL (A.1)

This makes the answer to (a) above straightforward: collaboration will be further reduced if EL is

introduced in addition to EU.

Put simply, the collaboration constraint tightens. How does this affect complaining rates? If EL >

eL−(1−δ)τ∗− C
p , thenLwould never want to collaborate under caste differences. Then, irrespective

of how caste differences affectsU’s participation constraint, complaint filing never occurs.

Consider the case where EL < eL − (1 − δ)τ∗ − C
p . We will now only see more complaints in

equilibrium when the additional complaints arising from U’s unwillingness to collaborate is greater

than the reduction in complaints because L does not want to collaborate because of differences.

If φU and φL are the c.d.fs for eU and eL, this translates to: [φU(δτ
∗ + M

1−p) − φU(δτ
∗ + M

1−p +

EU)](φL((1−δ)τ∗− C
p −EL)) > [φL((1−δ)τ∗− C

p )−φL((1−δ)τ∗− C
p −EL)](1−φU(δτ

∗+ M
1−p))

The limiting case of EL = 0 implies that the RHS of the equation above mechanically reduces to

0 and we will always see, as our main model shows, more complaints under equilibrium. On the

other hand, when EL > (1 − δ)τ∗ − C
p , the LHS goes to 0 and one will see fewer complaints under

equilibrium. Thus, this implies there exists an intermediate ÊL below which more complaints will be
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filed and above which fewer complaints will be filed.

142



A.3 Caste Differences with the upper-tiered bureaucrat (BDO)

BDODemographic Data

We collect demographic (including caste) information on over 600 Bihar Administrative Bureaucrats

who have served as Block Development Officers in the period June 2016 - May 2019. The lists of bu-

reaucrats - including transfers - are collected from government sources, but demographic information

is obtained via interviewswith upper-tiered representativeswho function in close contactwith BDOs.

For every BDO, we triangulate information across a minimum of 3 upper-tiered representatives.

A.3.1 OLS Fixed Effects

To understand how caste differences with the upper-tiered bureaucrat affects outcomes in wards,

we run an OLS specification with both ward- and bureaucrat fixed effects. Thus, for each ward-

bureaucrat combination, we measure the number of projects initiated in the following manner:

Yib = γ0 + γ1CasteMatchib + γ2CasteMatchib ∗ 1(Ci = SC) + ζ+ ψ + ηib (A.2)

whereYib is the number of projects constructed inward i under bureaucrat b. Ci indicates the caste

of themember i. CasteMatchib is a dummy that takes the value 1when the caste of the bureaucrat and

the lower-tiered representative matches. We are interested in γ2 - the impact of caste matching when

the lower-tiered representative is an SC.

We present OLS estimates (with bureaucrat and ward fixed effects) as in equation A.2 for caste

matching between the upper-tiered bureaucrat and the lower-tiered representative onWASoutcomes.

Table A.15 presents the results. Columns (2) and (5) document that caste matching results in more

WAS assets being constructed in the SC lower-tiered representative’s ward. In column (3), we restrict

our attention to wards where an SC narrowly won or lost elections against non-SC members - thus,
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for these wards, caste matching is as if random for SC ward members. Here too, we find strong and

significant effects of caste matching onWAS projects being undertaken.
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Table A.15: Impact of caste matching with bureaucrat on WAS Projects and Delays (RD)

Before March 2018 Overall

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

Projects
Total

Projects
Total

Projects
Total

Projects
BDO+Ward Caste Match 0.01 0.05 0.00 -0.17

(0.01) (0.09) (0.01) (0.16)
BDO+Ward Caste Match=1× SC 0.07*** 0.14***

(0.02) (0.03)
BDO+Ward Caste Match=1×NarrowWin=1 0.07 0.51*

(0.17) (0.30)
Constant 0.13*** 0.10*** 0.37*** 0.38***

(0.00) (0.02) (0.00) (0.04)

Observations 98497.00 1365.00 98497.00 1365.00
Ward Fixed Effects YES YES YES YES
BDO Fixed Effects YES YES YES YES

Outcome variable is the number of projects initiated in the term-period of a bureaucrat.
We control for ward-level fixed effects and bureaucrat-fixed effects. NarrowLoss indicates a
dummy variable where an SC-ward member narrow lost an election in an unreserved ward.
All standard errors are clustered at the GP-level where indicated.
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A.4 Reservation Rule

A.4.1 Reservation rule for 2006

The reservation rule proceeds in the following manner:

• First, based on the proportion of SCs (STs) in the block, the number of GPs to be reserved for

SCs (STs) is decided. If there are Nj GPs in block j and θj is the proportion of SCs (STs) in

block j, then the number of GPs, nj, to be reserved is

nj = round(θj ∗Nj, 1)

• Let nSC and nST be the number of GPs to be reserved in block j for SCs and STs, respectively.

The number of GPs to be reserved for OBCs is given by

nOBC = min(round(0.2 ∗Nj, 1), round(0.5 ∗Nj − nSC − nST, 1))

• If there are no STs in the block or nST is 0 (which is true in 480 of the 534 blocks), then the

rule skips to the next step. However, if nST > 0, the rule proceeds by arranging all GPs in

descending order of their ST population. The first GP in the list is then reserved for STs.

• Now, all remainingGPs are rearranged in the descending order of their non SCSTpopulation.

The first GP on this truncated list is “blocked”. The choice of word is deliberate and conveys

an important distinction: the GP is not “reserved”, it is merely blocked.

• Now, all unreserved and unblocked GPs are rearranged in descending order of their SC popu-

lation. The first GP in this further truncated list is now reserved for SCs.
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• This algorithmproceedsuntil thenumberofGPs reserved for STs=nST or thenumber reserved

for SCs is nSC. Once, a group hits its quota of reserved GPs, then the rearranging of GPs is no

longer done by that group. For instance, if nST = 1, then, in the second round, GPs are no

longer rearranged by ST population - instead, the rule proceeds straight to rearranging by non-

SCST population.

• The algorithm further proceeds till the second group also hits its quota of reserved GPs. This

throws up two sets of GPs, nST GPs that are reserved for STs and nSC GPs that are reserved for

SCs.

• Now, all the unreserved GPs (including the “blocked” ones) are collected and arranged by de-

scending order of GP population.

• The first nOBC GPs in this list is reserved for OBCs.

• Thus, for each block, one can arrive at an SC population cut-off - the population of the last

GP to be reserved for SCs - below which no GP is reserved.

A.4.2 Reservation rule for 2016

The reservation rule for 2016 proceeds in a similar manner to that of 2006, with two major changes.

First, it changes the order in which GPs are arranged. In 2006, GPs were arranged first by STs, then

non-SCSTs, then SCs. In 2016, GPs are arranged first by non-SCSTs, then by SCs, then by STs. Sec-

ond, since there is noprovision for recurring reservation, noGPpreviously reserved for SCs (STs/OBCs)

can again be reserved for the same. So, when GPs are arranged by descending order of population of

a particular group, those previously reserved are struck off the list, even before the algorithm begins.
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Figure A.1: Figure plots the probability of reserva on based on the rank of a GP within a Block for the elec ons of
2016. The last GP not to be reserved is given a rank 0 and the first GP to be reserved is ranked 1 and so on. Therefore,
all nega ve ranks correspond to GPs not to be reserved and posi ve ones to GPs to be reserved. We keep all GPs re-
served for OBCs too, which explains the sharp drop in the probability of reserva on above the cutoff (since OBC reser-
va on results in some top-ranked GPs in terms of SC popula on to be reserved for OBCs). Panel B plots the probability
of reserva on based on the rank of a GP within a Block for the elec ons of 2016, but we keep all GPs.
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A.5 Spillovers and Backlash

A.5.1 Spillovers

For spillovers in projects undertaken, we can only observe administrative data with a considerable lag.

Thus, there exist few reported projects in the administrative data in the post-experimental period. We

instead use survey data to measure spillovers on a specific subset of wards. At baseline, we asked every

respondent to name a maximum of 3 other lower-tiered representatives who they were “close” to. In

the endline, we ask if projects were initiated in these “close”-representatives’ wards in the experimental

period. We expect this data to have some noise - since estimating timelines of projects in neighboring

jurisdictions could be tricky - but limiting our attention to only those wards that are governed by

members “close” to our experimental respondent allows us to be more confident of our reported es-

timates. As Panel C of Table A.16 shows, we find no effect of the intervention on reported projects

being undertaken in neighboring wards.

A.5.2 Backlash

We now turn to effects on backlash from the upper-tiered representative. As Table A.16 shows, we

cannot reject the null that treatment does not increase contact by the upper-tiered representatives or

that the respondents report facing no greater threats (though the signs of the coefficients are positive).
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Table A.16: ITT Impact of Grievance Treatment on Outcomes (Endline Survey)

PANEL A: Someone Approached

(1) (2)

Treatment 0.02 0.02
(0.03) (0.04)

Control Mean .49 .49
PANEL B: Someone Threatenned

(1) (2)

Treatment 0.01 0.01
(0.01) (0.01)

Control Mean .02 .02
PANEL C: Close Ward Projects (Number)

(1) (2)

Treatment 0.04 0.04
(0.05) (0.05)

Control Mean .61 .61
Observations 1370.00 1370.00
FE Block Block
Cluster NO YES
Pre-Specified YES NO

Table delineates the impact of complaint filing assistance treatment on
three ancillary outcome variables across different specifications. Each
panel considers lists a different outcome Panel A Outcome is whether
someone from the administration approached our respondent post inter-
vention. Panel B is whether anybody from the administration threatened
them. PanelC is the averagenumber of projects undertaken in closewards.
The first column - i.e specification (1) - across the two columns is our pre-
specified estimating equation. Other columns vary the level of fixed effects
and cluster at different levels.*p < 0.1, **p < 0.05, ***p < 0.01
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A.6 Classifying Complaints

To get a better sense of the types of complaints being filed, we classify complaints into “Public(-

Spirited)” and “Private” complaints. In our data, complaints are sorted by Department (44 depart-

ments - land, police, rural development etc) and Type (there are over 2000 types). We focus on the

top 280 types of complaints which account for nearly 90 % of the grievances filed and classify them

using the following definitions:

• Any complaint is considered public or public-spirited if the resolution to the complaint benefits

more than one person (say, construction of a Panchayat Bhavan in the Panchayat).

• Any complaint is considered private if the resolution of the complaint results in the benefits of only

oneself.

• For the class of complaints where it is difficult to ascertain who the final beneficiary is, we consider

them neither Private nor Public.
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A.7 Sampling and Randomization for RCT

Our sampling frame comprising all wards that, according to official government data in May 2019,

had:

1. Had not seen any water-and-sanitation asset construction AND

2. Have a representative who belongs to a Scheduled caste.

Now, as explained previously, upon piloting we discovered that the official data reports asset con-

struction with a lag. Hence, we have a series of screening questions to screen out wards where WAS

projects have been completed.

Subsequently, local representatives are randomized into one the two treatments arms or the control

arm. Randomization occurs in real-time on the survey app the enumerators use. Representatives are

equally likely to be randomized into either of the treated arms or the control arm. However, since

we want to detect smaller sized effects in Treatment G and power calculations suggest that we would

require about 6 times as many wards to see the effect sizes we want to see, our experiment began with

only two arms, Treatment G and Control, occurring with equal probability. Subsequently, the third

treatment arm - Treatment I - was added and all three arms were to occur with equal probability.

We attempted to cover about 800 Treatment G wards, 150 Treatment I wards and 800 control

wards. The actual numbers were as follows: 722 Treatment G wards, 130 Treated I wards and 760

Control wards.
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Table B.1: Impact of SC Reserva on on the Roads in the Main SC village

Impact on Public Goods in the Main SC Village in GP

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

District Road
Other

District Road
Black-Topped

Road
Mud
Road

All-Weather
Road

SC Reservation 0.09 0.16** 0.05 0.13* 0.16**
(0.08) (0.08) (0.07) (0.08) (0.07)

Observations 5594.00 6446.00 7321.00 7852.00 7398.00
Mean -.003 -.001 -.003 -.008 0
Bandwidth 608 656 526 485 679
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of access
to major district road in the main SC village (b) The population normalized share of access to
some other district road for the main SC village (c) The population normalized share of access
to a black-topped road for the main SC village (d) The population normalized share of access
to a non-tarred (mud) road in the main SC village (e) The population normalized share of
access to an all-weather road for the main SC village. We use CCT triangular bandwidths and
estimate fuzzy RD specifications described in the paper (equation 2.2 and 3.2). We control for
GP-level covariates and Block-fixed effects. All standard errors are clustered at the Block level.
*p < 0.1, **p < 0.05, ***p < 0.01.

Table B.2: Impact of SC Reserva on on Overall Provision of Public Goods in the GP

Impact on Public Goods Overall in the GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation -0.25 -0.19* 0.13 -0.04 -0.09
(0.15) (0.10) (0.12) (0.08) (0.09)

Observations 7473.00 7480.00 7477.00 7461.00 7467.00
Mean 0 -.1 .02 .03 0
Bandwidth .12 .14 .14 .14 .13
District FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The total number of government primary
schools across theGP (b)The total number of villages in theGP that have access to a functional
fair-price shop via the Public Distribution System (PDS) (c) The total number of villages in
the GP that have a functional rural child care centre (d) The number of villages in the GP that
have an all-weather road (e) An index of these fourmain public goods. We use CCT triangular
bandwidths and estimate a sharp RD specifications described in the paper (equation XX and
XX). We control for GP-level covariates. All standard errors are clustered at the block level.
*p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.3: Impact of SC Reserva on on Overall Provision of Public Goods in the GP (Low SC Popula on)

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System

Childcare
Center

All Weather
Road

Overall
Index

SC Reservation 0.37*** 0.13 0.14 0.27*** 0.31***
(0.11) (0.12) (0.09) (0.10) (0.10)

Observations 3867.00 3593.00 4013.00 3688.00 4018.00
Mean .002 .007 -.001 -.013 -.001
Bandwidth 537 581 546 490 598
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The total number of government pri-
mary schools across the GP (b) The total number of villages in the GP that have access to a
functional fair-price shop via the Public Distribution System (PDS) (c) The total number
of villages in the GP that have a functional rural child care centre (d) The number of vil-
lages in the GP that have an all-weather road (e) An index of these fourmain public goods.
We use CCT triangular bandwidths and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates and Block-fixed effects.
All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.4: Impact of SC Reserva on on Overall Provision of Public Goods in the GP (High SC Popula on)

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System

Childcare
Center

All Weather
Road

Overall
Index

SC Reservation 0.15 0.00 0.08 0.03 0.09
(0.11) (0.11) (0.12) (0.11) (0.11)

Observations 3875.00 3228.00 4019.00 3676.00 4018.00
Mean .003 -.003 -.007 -.003 -.007
Bandwidth 443 579 450 576 486
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The total number of government pri-
mary schools across the GP (b) The total number of villages in the GP that have access to a
functional fair-price shop via the Public Distribution System (PDS) (c) The total number
of villages in the GP that have a functional rural child care centre (d) The number of vil-
lages in the GP that have an all-weather road (e) An index of these fourmain public goods.
We use CCT triangular bandwidths and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates and Block-fixed effects.
All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.5: Impact of SC Reserva on on Private Assets (Asset Distribu ons SCs)

Impact of SC reservation on Private Asset Percentiles

(1) (2) (3) (4) (5) (6) (7)
5 10 25 50 75 90 95

SC Reservation 0.02 0.04 -0.01 0.00 0.01 0.09 0.13**
(0.06) (0.06) (0.06) (0.05) (0.05) (0.06) (0.06)

Observations 8026.00 8026.00 8026.00 8026.00 8026.00 8026.00 8026.00
Mean .006 -.004 -.011 .016 .002 -.004 -.002
Bandwidth 562 546 487 652 528 528 529
Block FE YES YES YES YES YES YES YES

Outcome variables are the mean value of the standardized PCA assset score for SC house-
holds at various points in the asset distribution: for instance, column 1 estimates that the
household in the 5thpercentile of the treatment grouphas an asset scores that is 0.02σ higher
than that in control. We use CCT triangular bandwidths and estimate fuzzy RD specifica-
tions described in the paper (equation 2.2 and 3.2). We control for GP-level covariates and
Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

Table B.6: Impact of SC Reserva on on Private Assets (Asset Distribu ons Non-SCs)

Impact of SC reservation on Private Asset Percentiles

(1) (2) (3) (4) (5) (6) (7)
5 10 25 50 75 90 95

SC Reservation -0.05 -0.08 -0.07 -0.05 -0.01 -0.00 -0.00
(0.06) (0.06) (0.05) (0.05) (0.04) (0.05) (0.05)

Observations 8177.00 8177.00 8177.00 8177.00 8177.00 8177.00 8177.00
Mean -.003 -.005 -.001 -.001 .007 .004 .001
Bandwidth 519 523 526 525 503 495 521
Block FE YES YES YES YES YES YES YES

Outcome variables are the mean value of the standardized PCA assset score for non-SC
households at various points in the asset distribution: for instance, column 1 estimates that
the household in the 5th percentile of the treatment group has an asset scores that is 0.02σ
higher than that in control. We use CCT triangular bandwidths and estimate fuzzy RD
specifications described in the paper (equation 2.2 and 3.2). We control for GP-level covari-
ates and Block-fixed effects. All standard errors are clustered at the Block level. *p < 0.1,
**p < 0.05, ***p < 0.01.

156



Table B.7: Impact of SC Reserva on on Private Assets (Low SC GP Popula ons)

Impact of SC reservation on Mean Asset Scores

(1) (2) (3) (4)
ALL Households ALL SCs All non-SCs SC - non-SCs

SC Reservation 0.04 0.18** -0.02 0.21**
(0.06) (0.08) (0.06) (0.09)

Observations 4088.00 4088.00 4088.00 4088.00
Mean -.004 -.013 -.004 -.012
Bandwidth 626 385 611 492
Block FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the en-
tire population; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs
and non-SCs. We use CCT triangular bandwidths and estimate fuzzy RD spec-
ifications described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates and Block-fixed effects. All standard errors are clustered at the Block
level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.8: Impact of SC Reserva on on Private Assets (High SC GP Popula ons)

Impact of SC reservation on Mean Asset Scores

(1) (2) (3) (4)
ALL Households ALL SCs All non-SCs SC - non-SCs

SC Reservation -0.11* -0.07 -0.13** 0.06
(0.06) (0.08) (0.06) (0.07)

Observations 4083.00 4083.00 4083.00 4083.00
Mean .009 -.018 .017 -.022
Bandwidth 470 422 465 500
Block FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the en-
tire population; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs
and non-SCs. We use CCT triangular bandwidths and estimate fuzzy RD spec-
ifications described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates and Block-fixed effects. All standard errors are clustered at the Block
level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.9: Impact of SC Reserva on on Numerically Dominant Sub-Castes

Impact of SC reservation on Sub-Caste Asset Scores

(1) (2) (3)
Dom. OBC
Sub-Caste

Dom. SC
Sub-Caste

Dom. OBC
- Non. Dom OBC

SC Reservation -0.10** 0.04 -0.09
(0.05) (0.05) (0.07)

Observations 8142.00 7961.00 8123.00
Mean -.003 .011 .027
Bandwidth 581 593 395
Block FE YES YES YES

Outcome variables are the mean value of the private asset index over: (a)
the numerically dominantOBC sub-caste; (b) the numerically dominant
SC sub-caste. In column 3, we focus on the difference between mean as-
set scores for the dominant non-SC subcaste and other sub-castes.. We
use CCT triangular bandwidths and estimate fuzzy RD specifications
described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates and Block-fixed effects. All standard errors are clustered at the
Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.10: Impact of SC Reserva on on Ward Level Poli cal Candidates in the Medium Run

Impact on Public Goods in the Main SC Village in GP

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

Candidates
Non-SC

Candidates
SC Candidates
Res. Wards

SC Candidates
Unres. Wards

SC Reservation 0.34*** -0.00 0.22*** 0.37***
(0.05) (0.04) (0.05) (0.07)

Observations 7338.00 7344.00 7339.00 7353.00
Mean 0 0 0 0
Bandwidth 626 536 739 580
Block FE YES YES YES YES

Outcomes indicate the σ improvement in candidates contesting the 2016 ward
elections who are: (a) SCs; (b) non-SCs; (c) SCs, but contesting only SC-reserved
wards; (d) SCs, but contesting in unreserved wards. We use CCT bandwidth and
estimate fuzzy RD specifications described in the paper (equation 2.2 and 3.2).
We control for GP-level covariates and Block fixed effects. All standard errors are
clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.11: Impact of Addi onal Reserved GP in a Block on Private Assets

Impact of Additional Reserved GP on Mean Asset Scores

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs Difference

SC Reservation 0.12 0.05 0.17 -0.14
(0.13) (0.14) (0.14) (0.14)

Observations 7565.00 7565.00 7565.00 7565.00
Mean .04 .03 .03 0
Bandwidth .13 .11 .12 .13
District FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use CCT triangular bandwidths and estimate sharpRD
specifications described in the paper (equation 2.5). We control for GP-level
covariates. All standard errors are clustered at the Block level. *p < 0.1, **p <
0.05, ***p < 0.01.

Table B.12: Impact of an Addi onal Reserved GP in the Block On Public Good Access for SCs in non-SC reserved GPs

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation -0.04 -0.24* -0.28*** -0.19** -0.29***
(0.09) (0.13) (0.10) (0.09) (0.10)

Observations 5980.00 5314.00 6214.00 5681.00 6217.00
Mean -.05 0 -.01 -.02 -.02
Bandwidth .16 .13 .12 .11 .14
District FE YES YES YES YES YES

We restrict sample to only those GPs that are not reserved for SCs. Outcome variables are (in
standardized units): (a) The population normalized share of government primary schools in
the main SC village (b) The population normalized share of access to a functional fair-price
shop via the Public Distribution System (PDS) for the main SC village (c) The population
normalized share of access to a functional rural child care centre for the main SC village (d)
The population normalized share of access to an all-weather road for the main SC village (e)
An index comprising the mean of these four shares. We use CCT triangular bandwidths and
estimate a sharp RD specifications described in the paper (equation 2.5). We control for GP-
level covariates. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.
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Table B.13: Impact of an Addi onal Reserved GP in the Block On Public Good Access for SCs in Unreserved GPs

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation -0.08 -0.29** -0.34*** -0.24** -0.37***
(0.10) (0.14) (0.12) (0.10) (0.12)

Observations 4698.00 4145.00 4877.00 4445.00 4880.00
Mean -.02 .01 -.02 -.03 0
Bandwidth .12 .11 .12 .14 .1
District FE YES YES YES YES YES

We restrict sample to only thoseGPs that are not reserved for SCs, STorOBCs,. Outcomevari-
ables are (in standardized units): (a) The population normalized share of government primary
schools in the main SC village (b) The population normalized share of access to a functional
fair-price shop via the PublicDistribution System (PDS) for themain SC village (c) The popu-
lation normalized share of access to a functional rural child care centre for the main SC village
(d) The population normalized share of access to an all-weather road for the main SC village
(e) An index comprising the mean of these four shares. We use CCT triangular bandwidths
and estimate a sharp RD specifications described in the paper (equation 2.5). We control for
GP-level covariates. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

Table B.14: Impact of Addi onal Reserved GP in a Block on Private Assets (Non-SC Reserved GPs only)

Impact of Additional Reserved GP on Mean Asset Scores

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs Difference

SC Reservation 0.11 0.06 0.13 -0.09
(0.13) (0.14) (0.14) (0.14)

Observations 6315.00 6315.00 6315.00 6315.00
Mean .05 .02 .03 -.04
Bandwidth .14 .12 .13 .14
District FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use CCT triangular bandwidths and estimate sharpRD
specifications described in the paper (equation 2.5). We control for GP-level
covariates. All standard errors are clustered at the Block level. *p < 0.1, **p <
0.05, ***p < 0.01.
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Table B.15: Impact of Addi onal Reserved GP in a Block on Private Assets (Unreserved GPs only)

Impact of Additional Reserved GP on Mean Asset Scores

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs Difference

SC Reservation 0.07 -0.03 0.09 -0.13
(0.14) (0.14) (0.16) (0.15)

Observations 4959.00 4959.00 4959.00 4959.00
Mean .04 .03 .03 -.04
Bandwidth .14 .12 .13 .14
District FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use CCT triangular bandwidths and estimate sharpRD
specifications described in the paper (equation 2.5). We control for GP-level
covariates. All standard errors are clustered at the Block level. *p < 0.1, **p <
0.05, ***p < 0.01.

Table B.16: Impact of SC Reserva on on the Share of Public Goods in the Main SC village (50% BW)

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation 0.32*** 0.11 0.06 0.24** 0.26**
(0.10) (0.11) (0.10) (0.11) (0.11)

Observations 7869.00 6938.00 8163.00 7474.00 8167.00
Mean 0 0 0 0 0
Bandwidth 275 275 275 275 275
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of govern-
ment primary schools in the main SC village (b) The population normalized share of access to
a functional fair-price shop via the Public Distribution System (PDS) for the main SC village
(c) The population normalized share of access to a functional rural child care centre for the
main SC village (d) The population normalized share of access to an all-weather road for the
main SC village (e) An index comprising the mean of these four shares. We use CCT trian-
gular bandwidths and estimate fuzzy RD specifications described in the paper (equation 2.2
and 3.2). We control for GP-level covariates and Block-fixed effects. All standard errors are
clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.17: Impact of SC Reserva on on the Share of Public Goods in the Main SC village (Imputed 0)

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation 0.22*** -0.01 0.10 0.14* 0.20***
(0.07) (0.08) (0.07) (0.07) (0.07)

Observations 8097.00 8097.00 8098.00 8097.00 8096.00
Mean .001 -.011 .001 .001 -.002
Bandwidth 558 508 573 509 578
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of govern-
ment primary schools in the main SC village (b) The population normalized share of access to
a functional fair-price shop via the Public Distribution System (PDS) for the main SC village
(c) The population normalized share of access to a functional rural child care centre for the
main SC village (d) The population normalized share of access to an all-weather road for the
main SC village (e) An index comprising the mean of these four shares. We use CCT trian-
gular bandwidths and estimate fuzzy RD specifications described in the paper (equation 2.2
and 3.2). We control for GP-level covariates and Block-fixed effects. All standard errors are
clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.18: Impact of SC Reserva on on Private Asset Scores (Mean Index)

Impact of SC reservation on Mean Asset Scores

(1) (2) (3) (4)
ALL Households ALL SCs All non-SCs SC - non-SCs

SC Reservation -0.01 0.05 -0.05 0.09*
(0.04) (0.05) (0.04) (0.05)

Observations 8212.00 8026.00 8177.00 7997.00
Mean -.002 -.003 .002 -.014
Bandwidth 519 533 512 498
Block FE YES YES YES YES

Outcome variables are themean value of themean private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use CCT triangular bandwidths and estimate fuzzy RD
specifications described in the paper (equation 2.2 and 3.2). We control for GP-
level covariates and Block-fixed effects. All standard errors are clustered at the
Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.19: Impact of SC Reserva on on Private Asset Scores (Half BW)

Impact of SC reservation on Mean Asset Scores

(1) (2) (3) (4)
ALL Households ALL SCs All non-SCs SC - non-SCs

SC Reservation -0.02 0.08 -0.07 0.15**
(0.06) (0.07) (0.06) (0.07)

Observations 8212.00 8212.00 8212.00 8212.00
Mean 0 0 0 0
Bandwidth 275 275 275 275
Block FE YES YES YES YES

Outcome variables are themean value of themean private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use a half bandwidth of 275 and estimate fuzzy RD spec-
ifications described in the paper (equation 2.2 and 3.2). We control for GP-level
covariates and Block-fixed effects. All standard errors are clustered at the Block
level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.20: Impact of SC Reserva on on Asset Distribu on (Half BW)

Impact of SC reservation on Share of SCs

(1) (2) (3) (4) (5)
Bottom 10% Bottom 30% Bottom 50% Top 30% Top 10%

SC Reservation -0.08 -0.12 -0.09 0.10 0.10
(0.08) (0.07) (0.07) (0.07) (0.08)

Observations 8026.00 8026.00 8026.00 7995.00 7986.00
Mean 0 0 0 0 0
Bandwidth 275 275 275 275 275
Block FE YES YES YES YES YES

Outcome variables are the population normalized share of SCs, based on PCA scores,
in the: (a) bottom 10% of the population (b) bottom 30% of the popualtion (c) bottom
50% of the population (d) top 30% of the population and (e) top 10% of the population
We use a half bandwidth of 275 and estimate fuzzy RD specifications described in the
paper (equation 2.2 and 3.2). We control for GP-level covariates and Block-fixed effects.
All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.21: Impact of SC Reserva on on Private Assets in the Medium Run

Impact on Wealth Score in The Long Term

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs SC -Non-SC Difference

SC Reservation 0.44 0.95*** -0.32 1.66***
(0.34) (0.31) (0.43) (0.50)

Observations 94.00 94.00 94.00 94.00
Mean .073 .047 .069 -.018
Bandwidth 150 150 150 150
Block FE NO NO NO NO

Outcome variables are themean value of the private asset index over: (a) the entire pop-
ulation; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs and non-SCs.
We use a bandwidth of 150 (reflecting the sampling strategy for the long-run GPs) and
estimate fuzzyRD specifications described in the paper (equation 2.2 and 3.2). We con-
trol for GP-level covariates, but do not add block fixed effects. All standard errors are
clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.22: Impact of SC Reserva on on Private Assets in the Medium Run

Impact on Wealth Score in The Long Term

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs SC -Non-SC Difference

SC Reservation -0.09 0.16 -0.50*** 0.81***
(0.18) (0.11) (0.17) (0.20)

Observations 94.00 94.00 94.00 94.00
Mean -.132 -.03 -.213 .212
Bandwidth 550 550 550 550
Block FE YES YES YES YES

Outcome variables are themean value of the private asset index over: (a) the entire pop-
ulation; (b) all SCs; (c) all non-SCs; (d) difference in means between SCs and non-SCs.
We use a bandwidth of 550 (reflecting the bandwidth used for the short-run specifica-
tions) and estimate fuzzy RD specifications described in the paper (equation 2.2 and
3.2). We control for GP-level covariates and Block fixed effects. All standard errors are
clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.23: Impact of SC Reserva on on Ward Level Poli cal Candidates in the Medium Run (50% BW)

Impact on Public Goods in the Main SC Village in GP

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

Candidates
Non-SC

Candidates
SC Candidates
Res. Wards

SC Candidates
Unres. Wards

SC Reservation 0.36*** 0.04 0.25*** 0.36***
(0.08) (0.06) (0.07) (0.10)

Observations 7338.00 7344.00 7339.00 7353.00
Mean 0 0 0 0
Bandwidth 275 275 275 275
Block FE YES YES YES YES

Outcomes indicate the σ improvement in candidates contesting the 2016 ward
elections who are: (a) SCs; (b) non-SCs; (c) SCs, but contesting only SC-reserved
wards; (d) SCs, but contesting in unreserved wards. We use a bandwidth of 275
and estimate fuzzy RD specifications described in the paper (equation 2.2 and
3.2). We control forGP-level covariates andBlock fixed effects. All standard errors
are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.

Table B.24: Impact of SC Reserva on on Ward Level Poli cal Candidates in the Medium Run (50% BW)

Impact on Public Goods in the Main SC Village in GP

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

Winners
Non-SC
Winners

SCWinners
Unres. Wards

SCWinners
Res. Wards

SC Reservation 0.12* -0.07 0.24** 0.01
(0.07) (0.04) (0.11) (0.04)

Observations 7376.00 7358.00 7371.00 7384.00
Mean 0 0 0 0
Bandwidth 275 275 275 275
Block FE YES YES YES YES

Outcomes indicate the σ improvement in winners in the 2016 ward elec-
tions who are: (a) SCs; (b) non-SCs; (c) SCs, but only in SC-reservedwards;
(d) SCs, but from unreserved wards. We use a bandwidth of 275 and esti-
mate fuzzy RD specifications described in the paper (equation 2.2 and 3.2).
We control for GP-level covariates and Block fixed effects. All standard er-
rors are clustered at the Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.25: Impact of an Addi onal Reserved GP in the Block Public Good Access for SCs (50% BW)

Impact on Public Goods in the Main SC Village in GP

(1) (2) (3) (4) (5)
Primary
Schools

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index

SC Reservation 0.03 -0.19 -0.29* -0.08 -0.21*
(0.14) (0.14) (0.16) (0.09) (0.13)

Observations 7181.00 6323.00 7445.00 6810.00 7448.00
Mean -.01 .03 .02 .06 .04
Bandwidth .07 .07 .07 .07 .07
Block FE YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of govern-
ment primary schools in themain SCvillage (b)The population normalized share of access to a
functional fair-price shop via the PublicDistribution System (PDS) for themain SC village (c)
The population normalized share of access to a functional rural child care centre for the main
SC village (d) The population normalized share of access to an all-weather road for the main
SC village (e) An index comprising the mean of these four shares. We use a bandwidth of 275
and estimate a sharp RD specifications described in the paper (equation 2.5). We control for
GP-level covariates. All standard errors are clustered at the Block level. *p < 0.1, **p < 0.05,
***p < 0.01.

Table B.26: Impact of an Addi onal Reserved GP in the Block Public Good Access for SCs (0 where missing)

Impact on Public Goods in the Main SC Village in GP

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

Public Distribution
System (Y/N)

Childcare
Center (Y/N)

All Weather
Road (Y/N)

Overall
Index n6

SC Reservation 0.03 -0.19* -0.29*** -0.05 -0.08 -0.23**
(0.09) (0.11) (0.10) (0.09) (0.12) (0.09)

Observations 7460.00 7460.00 7461.00 7459.00 7460.00 7460.00
Mean -.04 0 -.01 0 -.04 -.01
Bandwidth .16 .11 .12 .1 .17 .14
Block FE YES YES YES YES YES YES

Outcome variables are (in standardized units): (a) The population normalized share of government pri-
mary schools in the main SC village (b) The population normalized share of access to a functional fair-
price shop via the Public Distribution System (PDS) for the main SC village (c) The population nor-
malized share of access to a functional rural child care centre for the main SC village (d) The population
normalized share of access to an all-weather road for the main SC village (e) An index comprising the
mean of these four shares. We use a bandwidth of 275 and estimate a sharp RD specifications described
in the paper (equation 2.5). We control for GP-level covariates. All standard errors are clustered at the
Block level. *p < 0.1, **p < 0.05, ***p < 0.01.
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Table B.27: Impact of Addi onal Reserved GP in a Block on Private Assets (50% BW)

Impact of Additional Reserved GP on Mean Asset Scores

(1) (2) (3) (4)
ALL Hhds ALL SCs ALL Non-SCs Difference

SC Reservation -0.28 -0.79** 0.02 -0.86*
(0.54) (0.39) (0.61) (0.45)

Observations 7681.00 7681.00 7681.00 7681.00
Mean -.02 -.04 -.01 -.03
Bandwidth .07 .07 .07 .07
District FE YES YES YES YES

Outcome variables are the mean value of the private asset index over: (a) the
entire population; (b) all SCs; (c) all non-SCs; (d) difference in means between
SCs and non-SCs. We use a triangular bandwidth of 0.07 and estimate sharp
RD specifications described in the paper (equation 2.5). We control for GP-
level covariates. All standard errors are clustered at the Block level. *p < 0.1,
**p < 0.05, ***p < 0.01.
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