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high rates. Understanding constraints to their socio-economic development and prescribing
policy solutions is, therefore, an important area of research. In the three chapters of this
dissertation, I explore three different issues that impact social institutions and governance,
which, in turn, impact socio-economic development. I do so in the context of India, which

is home to approximately 20% of the world’s total population.

In the first chapter, I explore whether historical land policies impact long-run socio-economic
outcomes, including the persistent institution of the caste system and stereotypes associ-
ated with it. I find that lower land concentration does lead to improved socio-economic
outcomes, especially for the socially marginalized landless communities. In the second chap-
ter, I test whether enhanced state capacity by means of better public infrastructure improves
the performance of bureaucrats in rural India. I find that better roads enhance bureaucratic
performance, possibly due to improved monitoring by higher officials whose mobility is pos-

itively impacted.



Finally, in the third chapter, I examine whether the size of a political party impacts its
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wealthier candidate than a bigger political party, possibly due to fewer avenues to mobilize
resources. This is important, for the wealth profile of a candidate, in turn, has the potential

to impact governance outcomes in their area.

The three chapters are aimed at understanding causal relationships pertaining to important
questions in the context of India’s society, political economy and economic development.
My results provide novel contributions to relevant strands literature, and also allow me to

provide relevant policy prescriptions.
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1 CHAPTER 1: Long-Run Effects of Land Redistribution:

Evidence from Indiall

How does inequality in land ownership impact long-run economic development? I study
the effects of a land redistribution program implemented in north India in the 1820s. I
exploit intra-state variation provided by a colonial policy that led to the recognition of
property rights among village communities across 72% of the state. In the remaining area, a
smaller number of pre-colonial revenue farmers were recognized as landowners. Using present
day village-level microdata, I estimate treatment effects by means of a spatial RD design.
Results suggest that redistribution led to an overall increase in durable asset ownership,
nonfarm employment and years of schooling, and that positive effects were also realized by
descendants of those lower caste households that did not receive land. Using data from a
field survey, I find that across reformed areas, such households are less likely to comply with
restrictive socio-economic norms, which may be a channel of persistence. These findings are
consistent with a dynamic political economy model, which predicts that landowners facing
higher competition are less likely to resist the dilution of such norms. The results have
important implications for understanding non-economic channels through which landowning

patterns may impact development.
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1.1 Introduction

Historical institutions can drive persistent spatial disparities in socio-economic development
(Engerman and Sokoloff, 1997; Banerjee and Iyer, 2005; Dell and Olken, 2020). Those pertain-
ing to distribution of land ownership are especially relevant. Historically, land was an important
factor of production in a global economy dominated by agriculture. However, the utility of land
ownership was not limited to economic returns. For instance, apart from being an important
factor of production, land ownership cemented the social elite status of landowning communi-
ties. This was true for communities across different parts of the world, such as the aristocrats in
FEurope and upper caste households in the Indian subcontinent. A combination of these factors
allowed the landowning social elite to control the majority non-elite, while impeding the latter’s
socio-economic development. It is, therefore, possible that policies that affect distribution of

land ownership may impact long-run development by altering traditional social hierarchies.

Traditionally, across India, land was concentrated in the hands of households belonging to
the social elite, or the upper caste. Land ownership, in turn, reinforced the latter’s elite status
in the social hierarchy. It allowed landowning upper caste households to control the majority
lower (non-upper) caste community by enforcing caste-based norms, which restricted the lat-
ter’s socio-economic mobility. Intermediate caste households, for instance, were only allowed
to take up jobs involving manual labor. Lowest caste households were condemned to tasks
such as scavenging. Facilitated by high levels of land concentration, the enforcement of these
norms may have played a role in suppressing socio-economic development across lower caste
households. The latter, as per estimates, make up for over 65% of the country’s population, but
a majority of them continue to lag behind in terms of socio-economic indicators. The context
makes it interesting to study the long-run impact of historical policies that may have altered

land ownership patterns in India.



In this paper, I study the long-run effects of a 200-year old land redistribution policy im-
plemented in north India through its impact on the functioning of the caste system. I estimate
the policy’s aggregate effects on indicators of long-run development. I estimate its impact on
those lower caste households whose ancestors did not receive any land under the policy, but
resided in areas where it was implemented. Finally, I test whether some of the long-run effects of
redistribution can be attributed to changes in the functioning of the caste system. Identification
of the effects of such a policy faces empirical challenges related to endogeneity. I overcome this
challenge by exploiting plausibly exogenous intra-state variation provided by a colonial policy

implemented in the 1820s in India’s most populous state, Uttar Pradesh.

The British East India Company (EIC) entered India during the 17" century. Over time,
it transformed into a political entity. By the end of the 18" century, the EIC had started
gaining control over the north Indian state of Uttar Pradesh. By the 1820s, the EIC controlled
roughly 72% of the state’s total areaﬂ Due to ideological changes in London, in this portion
of Uttar Pradesh, the EIC abandoned the system of appointing revenue farmers for land rev-
enue collection, which had been implemented in eastern India. Instead, the Company identified
village communities with land ownership claims, and granted them modern proprietary titles.

These communities were also made jointly responsible for land revenue payments.

When the rest of the state, i.e. the central region called Oudh, was acquired in the 1850s,
the EIC intended to implement similar reforms. However, proprietary titles of large parcels of
land were granted to a much smaller group of pre-colonial revenue farmers (talugdars). The de-
cision was taken to ensure the talugdars’ loyalty in the wake of a nationwide mutiny against the
Company in 1857. These two disparate systems, wherein the average number of landlords per

1000 rural people in the reformed districts was thrice the number in unreformed districts, con-

2T exclude the districts of present day Uttarakhand (a state that was carved out of Uttar Pradesh in the year
2000), and the districts of Lalitpur, Jalaun and Jhansi, for these were governed under different provisions.



tinued until India’s independence in 1947, after which policies were enacted to bring uniformity
in land ownership patterns across the state. Evidence suggests that despite the colonial policy,
at least until independence, in both regions, a majority of the land was owned by households

belonging to the traditional social elite, i.e. the Hindu upper caste and the Muslimsﬂ

Intra-state spatial variation in the concentration of land ownership provides a setup for a spatial
regression discontinuity (RD) design, wherein I compare villages within a narrow bandwidth
around an arbitrary border that separated the unreformed area of Oudh from the rest of the
state. I merge village-level microdata from three different sources, and estimate long-run aggre-
gate effects of land redistribution on three outcomes representative of different indicators: an
index of all durable assets listed in the Population Census of 2011 (wealth), number of people
in a village employed in nonfarm establishments relative to its population (structural transfor-
mation) and average years of schooling per capita (human capital). When estimating effects
for households belonging to the lowest castes, I use the same variables, except one. Owing to
unavailability of data, I replace the number of people in a village employed in nonfarm estab-
lishments with the number of such establishments owned by members of these castes. Overall,
I compile data for over 107,000 villages across the state. In the benchmark RD specification, 1

use approximately 10,000 of these observations.

Village-level data on asset ownership across all households comes from the Population Cen-
sus of 2011, whereas that for lowest caste households comes from the publicly unavailable
Socio-Economic Caste Census of 2011-12. Indicators related to nonfarm employment are ob-
tained from the Economic Census 2013. For both the overall population as well as lowest caste
households, data on average years of schooling comes from the Socio-Economic Caste Census of

2011-12. Finally, to the best of my knowledge, there is no publicly available data related to the

3For instance, in the sample, 86-90% of the land is owned by these groups.



functioning of the caste system at the village level. I overcome this challenge by conducting a

field survey across 189 villages.

My estimates suggest that two hundred years after the reform, areas where the policy was
implemented (reformed) continue to witness better performance across all three indicators.
While the average effect of redistribution on asset ownership and years of schooling is in the
range of 6-7% of the control mean, that on number of nonfarm workers per 100 people in the
village is around 50% (on a control mean of 2.63). Results are robust to the choice of a range
of bandwidths, usage of different kernels, removal of areas around a major river, different levels
of clustering, and the usage of Conley standard errors. I also find evidence of similar positive
effects on the traditionally landless lowest caste households. Given that the ancestors of these
households were unlikely to have received proprietary titles, these results point to positive ef-

fects through channels other than direct land ownership.

Acknowledging that these results may be driven by historical pre-treatment confounders, I
compile a novel dataset with pre-treatment (16" century) variables at the sub-district level.
These include tax demands, presence of infantry and cavalry, charitable grants, as well as the
sub-district’s social composition during the pre-treatment period. These variables are balanced
between the two areas, and their inclusion in the benchmark specification does not affect esti-
mates. I further dispel concerns related to pre-treatment confounders by showing that for the
majority of their recorded history (250 BC-1795 AD), both the unreformed and reformed areas

within my sample were ruled by the same rulers.

Differences in concentration of land ownership may impact landless groups through several
institutional mechanisms, such as changes in local politics (Anderson et al., 2015), govern-

ment’s policies (Dell, 2010) and delivery of public services (Pandey, 2010). Historically, across



India, land has been held by households belonging to the upper caste. Through its norms, the
caste system promotes stereotypes that impede the socio-economic mobility of the traditionally
landless lower caste households. In the reformed areas, land redistribution led to the creation of
a bigger community of landed upper caste households with smaller landholdings per landowner.
I hypothesize that this may have resulted in the reduction of influence of individual landown-
ers, hence impacting the enforcement of caste-based norms among lower caste households. For
example, historical qualitative evidence (Baden-Powell, 1892; Ahmed, 1952) points to the fact
that reformed areas witnessed lower caste-based residential segregation, pointing to dilution of
caste-based norms. I corroborate these findings by showing a negative causal impact of redistri-
bution on the number of caste-based hamlets across reformed villages (as of 2018). The result
hints at persistent effects of land redistribution on the implementation of a caste-based social

system.

In addition, I estimate the long-run effects of redistribution on compliance with caste-based
norms by using data from a primary survey conducted among 2,038 households across 189 vil-
lages in the year 2022. Results suggest that lower caste households across reformed areas are
less likely to adhere to historical socio-economic stereotypes (12-29%), which prescribe lower
education and low-productivity jobs for them. This is relevant, for literature suggests that aspi-
rations may impact long-run development (Genicot and Ray, 2017). The causal chain, however,
may be confounded by intermediate outcomes of redistribution that may impact compliance

with caste-based norms.

For instance, redistribution may have led to higher agricultural income during the 19" cen-
tury, which may have impacted compliance with norms. I provide suggestive evidence that does
not support this hypothesis. Using archival district-level agricultural productivity data from

Donaldson (2018), I show that during 1884-1930, that average real income per acre across re-



formed districts was either no different or lower than that in the unreformed districts. Similarly,
redistribution may have impacted colonial governance, which may have impacted compliance
with norms. To test this hypothesis, I compile novel archival village-level data from colonial
gazettes. I find casual evidence that within the bandwidth, the probability of placement of a
school across reformed villages was no different from that in the unreformed areas. As another
measure of colonial governance, I compile novel data at the level of the sub-district. I find sug-
gestive evidence that within the bandwidth, colonial tax demands in the reformed areas were no
different from those in the unreformed areas. These results provide new insights into channels

of persistence of colonial land policies in India (Banerjee and Iyer, 2005; Banerjee et al., 2005).

I argue that these results can be explained by a dynamic political economy model of elite
behavior formulated by Acemoglu and Robinson (2006). Given higher levels of competition
among landed upper caste households and lower levels of political rents per landed upper caste
household in reformed areas, such households had lower incentive to block the process of change
in lower caste households’ attitudes towards caste-based norms. Recent literature shows that
traditional elite in democratic societies rely on better social relations to maintain persistent
social control (Acemoglu et al., 2014; Anderson et al., 2015). Combining the model’s predic-
tions and the said empirical literature, a lower inclination to ensure social control among upper
caste households in reformed areas should manifest in poorer social relations with lower caste
households. Causal estimates from survey data suggest that upper caste households in reformed
areas are less likely to be cordial towards lower caste households. For instance, across reformed
areas, upper caste households are less likely to fetch water from the same source as lower caste
households (53% on average). Unsurprisingly, results from an Ultimatum Game played with
respondents show that lower caste households in reformed areas are less likely to trust upper

caste households (15.3-16.7% on average).



The rest of the paper is organized as follows. In Section[I.2] I highlight the paper’s contributions
to existing literature. In Section I lay out the context. In Section [I.4] and Section I
explain the empirical strategy and data sources respectively. In Section [I.6] I show the main
results, followed by a discussion of channels of persistence in Section Section provides

a potential explanation for these results, while Section [1.9| contains the final conclusions.

1.2 Contribution to Literature

There is a broad literature on the persistent effects of historical institutions (Acemoglu et al.,
2001; Nunn, 2008; Dell, 2010; Dell, 2018; Dell and Olken, 2020). Within this broader strand,
this paper contributes to literature related to land-related institutions. Engerman and Sokoloff
(1997), Banerjee and Iyer (2005) and Pandey (2010) provide evidence of negative long-run ef-
fects of land concentration on overall economic development and public goods. On the other
hand, Acemoglu et al. (2008) and Dell (2010) show that in weakly institutionalized settings
such as parts of Latin America before 20" century, inequality in land ownership led to better
long-run socio-economic outcomes, for it allowed powerful landowners to negate the potential
negative effects of policies implemented by other stakeholders such as the political elite. To the
best of my knowledge, the context in this paper does not resemble the aforementioned weakly
institutionalized settings of Latin America. For instance, the counterfactual to the unreformed
group in this setting is an area with smaller landholders who received proprietary titles from
the colonial authorities. The fact that I find results contrary to those found by Acemoglu et al.

(2008) and Dell (2010) is, therefore, not surprising.

Another relevant strand of literature looks at the long-run effects of economic policies es-
tablished by colonial authorities across different countries. While most papers find negative
long-run effects of such policies (Nunn, 2008; Lowes and Montero, 2021), Dell and Olken (2020)

find positive long-run effects of the sugar cultivation system established by Dutch colonizers



in Indonesia. This paper provides another example of a colonial policy, which led to positive
socio-economic outcomes in the long-run. It also adds to the literature by providing evidence
on the impact of such policies on compliance with social and cultural norms, which may be a
potential channel of persistence. Dell and Olken (2020), on the other hand, focus on the Dutch
colonizers’ emphasis on establishing manufacturing hubs, as well as setting up transportation

infrastructure.

The relationship between land ownership and the caste system has been explored in the past.
Concentration of land ownership among specific caste groups can impact quality of public ser-
vices (Pandey, 2010), inter-community trade (Anderson, 2011) and local politics (Anderson et
al., 2015). To the best of my knowledge, this paper is the among the first to document changes
in compliance with caste-based norms as a response to reduction in land concentration. Another
strand of literature closely associated with this paper deals with the long-run effects of land-
related institutions set up by the British in colonial India (Banerjee and Iyer, 2005; Pandey,
2010). Specifically, exploiting inter-district variation, Banerjee and Iyer (2005) estimate the
overall impact of different colonial land tenure systems on agricultural outcomes and productiv-
ity during the period 1956-1987. Using an IV strategy, they find that areas that used to be under
large landlords lagged behind in agricultural outcomes. The primary contribution of this paper
to that literature is the exploration of changes to the caste system as a channel of persistence.
I also contribute to the literature by looking at a wider range of socio-economic outcomes that
may not be as closely linked with land ownership patterns as agricultureﬁ Methodologically, 1
use a cleaner identification strategy, although my estimates are less externally valid than those
in Banerjee and Iyer (2005). Given the dearth of intra-state variation in land tenure systems,
the baseline empirical specifications in that paper can not control for regional (state or district)

fixed effects. I overcome that limitation by means of a spatial regression discontinuity design,

“For instance, Foster and Rosenzweig (2004) suggest that nonfarm growth in India is not predicated on
growth in agricultural productivity.



where I compare approximately 10,000 villages within the same state.

Compared to the literature on other land reforms, the body of literature on land redistribution
is much smaller. One can assess the impact of land redistribution on two broad sets of indica-
tors: first-order effects on variables related to the local economy (Mendola and Simtowe, 2015),
and second-order effects that operate via changes in social and political institutions (Faguet
et al., 2020). I contribute to the literature concerning the latter by focusing on the impact of
land redistribution on long-run outcomes through its effect on social and cultural institutions.
The paper also contributes to the economic literature surrounding trust and social cooperation.
Nunn and Wantchekon (2011) show that extractive institutions such as slave trade led to lower
levels of trust in Africa. However, I show that seemingly extractive institutions (such as higher
land concentration in unreformed areas) may actually lead to higher trust between elite and

non-elite if the former have adequate incentive in this direction.

Finally, an extensive literature focuses on the positive effects of trust on economic growth.
Knack and Keefer (1997) use cross-country analysis to show the positive association between
trust and civic cooperation, and economic performance. Algan and Cahuc (2010) find causal
evidence of the positive impact of trust on economic growth. However, in the context of rela-
tions between traditional elite and non-elite, Acemoglu et al. (2014) and Anderson et al. (2015)
show negative correlation between social capital and economic growth in the context of Sierre
Leone and India respectively. Similar to Acemoglu et al. (2014) and Anderson et al. (2015),
I find evidence of a negative association between trust and cooperation, and socio-economic

outcomes.
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1.3 Context
1.3.1 Colonial Land Tenure Systems and Property Rights

The British Crown started administering Indian affairs in 1858. However, the British formally
entered India with the entry of the East India Company (EIC) during the 17*" century. Al-
though the EIC had entered India for trade and commerce, it turned into a political force during
the middle of the 18" century with military victories in eastern parts of the country. Thereafter,
using different methods (battles, treaties, etc.), the Company started acquiring large pieces of
territories from local rulers. Land revenue had been the major source of income even for the
rulers before the British, i.e. the Mughals. The same trend continued once the EIC annexed

different parts of the country.

Upon its arrival, the Company set up different systems of land revenue collection, or land
tenure systems. By the middle of the 19*" century, they had set up three different land tenure
systems across different parts of India. Under the first system (raiyatwari), land revenue set-
tlements were made directly with the cultivators. Under the second (mahalwari), these were
made with local village bodies. An important feature of these two types of settlements was that
the colonial authorities assigned ownership to those with whom the settlement was made, i.e.
cultivators and local village bodies. Finally, under the third system (zamindari), the settlement
was made with large landlords, who collected revenue from farmers working on their land. In
effect, even under this system, the landlord owned property rights, for they could bequeath, sell

or buy their rights to collect revenue (Kumar, 1982).

As discussed in Banerjee and Iyer (2005), there is little variation in the type of land tenure

system within regions/states. Archival documents suggest that even within these three cate-
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gories, there was spatial variation in implementationEl A detailed explanation of each of these
systems across India, however, is not relevant. Instead, in Section I explain historical
variation in concentration of land ownership within the state of Uttar Pradesh, i.e. the setting

of the policy experiment that I exploit in this paper.

1.3.2 About Uttar Pradesh

India’s most populous state, Uttar Pradesh, is home to over 200 million people- close to the
population of countries such as Brazil and Nigeria. It lies in the northern part of the country,
bordering the nation of Nepal along its northern side. As of 2018-19, it had the second lowest per
capita Net State Domestic Product (NSDP) among all Indian states. Furthermore, like most

big administrative regions, different regions of the state exhibit different levels of economic

prosperity (Figure [1)).

UTTAR PRADESH REGIONS INTRA-STATE DISPARITIES
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Figure 1: Regional Disparities Within Uttar Pradesh

The state’s size is also responsible for its political clout in national politics. With the largest
state legislature (403 members) in the country, the state sends the maximum number of na-

tional legislators- around 14% of the combined strength of the Upper and the Lower House- to

SFor instance, as pointed by Baden-Powell (1892), despite being categorized as mahalwari, the system imple-
mented in the central territories of India was very similar to the zamindari system.
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the National Parliament. The state is also fragmented along social lines with Varshney (2019)
describing it as a “20-20-20-40” state, wherein Hindu upper castes, Hindu lowest castes (Sched-
uled Castes/SC) and Muslims each make up for roughly 20% of the population, and Hindu

intermediate castes (Other Backward Castes/OBC) make up for the remaining 40%E|

1.3.3 Variation in Land Ownership within Uttar Pradesh

Within Uttar Pradesh, the British followed a staggered annexation policy. In Figure [2| the
controlling authority of a region is represented by its flag. Until 1801, most of the state was
under local rulers, although the British flag in the south-eastern region of the state represents
the territory of Benares acquired by the British in 1770s. Subsequently, large parts of the state
were either ceded by local rulers or conquered by the EIC during the period 1801-1803. When
the British acquired these territories, they inherited an aristocratic agrarian society, with a few
politically powerful overlords (or talugdars) in control of land and revenue farming. In almost

all cases, these talugdars were either upper caste Hindus, or Muslims.

Under the influence of growing utilitarianism in London, a new land policy was implemented
in the newly acquired areas in the 1820s. The same policy was implemented in other areas of
the state that were subsequently acquired until 1856 (Stokes, 1959). Under this policy, British
authorities identified local communities who had been the original owners of land. These com-
munities were then awarded “modern proprietary” titles (Stokes, 1983). They were also made
jointly liable to pay land revenue to the British authorities. The arrangement, called the Ma-

halwari system, was a departure from the old system under the Mughal ruler, where revenue

5The caste system has determined families’ social status for centuries across India. Castes are fixed at
the household level and do not change across generations. Traditionally, upper caste households were the elite
(warriors, priests, merchants) and the primary landowners. Intermediate caste households (OBCs) were the
traditional manual laborers. Finally, the lowest castes (SCs) were considered as untouchable and were treated
as outcasts. They were condemned to tasks such as scavenging and handling carcasses. Over time, even though
the caste-profession linkage has weakened, the relevance of caste as a social indicator continues, especially across
rural areas.
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farmers were responsible for revenue collection. Like the British, the Mughals were conquerors
and Baden-Powell (1892) notes that under their regime, the administration “cared nothing for
landed rights”. In fact, in some areas, such as the north-western part of Uttar Pradesh, all
vestiges of proprietary rights of local village bodies had been “stamped out” (Baden-Powell,

1892).

Beginning 1822, the British authorities started assessing proprietary claims of local villages
bodies. Subsequently, they granted land titles to village bodies whose claims were recognized.
The said village bodies could be in the form of an individual/family, or a body of co-owners
linked by ancestry (Pattidari). They could also be in the form of a body of co-owners not linked
by ancestry who divided the land equitably amongst themselves (Bhaichara). In Figure |2, the
mahalwart system is represented by circles. Notably, even after the process of redistribution
and titling, land was predominantly owned by upper caste (traditional social elite) households
(Appendix . These areas under the newly formed system will henceforth be referred to as

the reformed areas.

As shown in Figure 2| the central part of the state (Oudh) was not annexed until 1856. Oudh’s
annexation was succeeded by the famous Indian Revolt of 1857, which was a consequence of
several factors. Once the revolt was brought under control, in March 1858, the colonial author-
ities decided to first confiscate and then reconfer land titles to Oudh’s talugdars as proprietors
(Baden-Powell, 1892; Chanana, 2013). This was done to ensure their loyalty (Banerjee and
Iyer, 2005). In the absence of the revolt, the British would have implemented the mahalwari
system in Oudh (Pandey, 2010). Instead, they granted proprietary rights of a majority of the
land to the talugdars. In the economics literature, the process of granting proprietary titles to
the talugdars in these regions has, therefore, been considered as exogenous (Banerjee and Iyer,

2005; Pandey, 2010). These areas will henceforth be referred to as the unreformed areas.
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Figure 2: Land Reform Process (Triangles= Taluqdari; Circles= Mahalwari)

Across the unreformed areas, talugdars owned 60% of all villages. In these villages, the talugdars
acted as “lords of the manor”, while also farming revenue for the British authorities (Baden-
Powell, 1892)E| These villages were further divided into two kinds. In villages within the first
category, “tenants or...under-proprietors with very weak rights” cultivated the land (Baden-
Powell, 1892). In villages within the second category, some autonomy was given to village
proprietary bodies, which functioned under the auspices of the talugdar. In the remaining 40%
villages, land revenue settlements were made with independent village proprietors. In Figure
I use modern day district boundaries (an approximation) to show the percentage of villages
directly held by talugdars across different districts. As of the first decade of the 20" century,
the average number of talugdars across each unreformed district was 33 and varied in the range

of 20-62 individuals/families.

Given the usurpation of old proprietary rights by Mughal administrators, the colonial policy

involved the expropriation of land from big landlords (pre-colonial talugdars) and distribution

"The presence of talugdars was associated, to varying degrees, with subservience of the local cultivators.
For instance, in the northern parts of the reformed region, Talugdars played a major role in turning wastelands
into rural ecosystems and hence, acquired subordination of the cultivators. Generally speaking, villages under
Talugdars, over time, witnessed obliteration of their original structure and turned into mere “aggregates of
cultivating holdings” (Baden-Powell, 1892). Unsurprisingly, Taluqdars were often found acting as de facto power
centers. For instance, if the Talugdar happened to be from the family of a traditional ruler of the area, they
would participate in processes such as administering justice and deciding disputes (Baden-Powell, 1892).
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VILLAGE OWNERSHIP AMONG TALUQDARS
From First Decade of 20th Century

Source: Baden Powell (1892), Government Gazettes

Figure 3: Percentage of Villages Owned by Talugdars of Oudh (using modern district bound-
aries)

among smaller village bodies across reformed areas. These bodies’ ownership claims were recog-
nized through modern proprietary titles. Across unreformed areas, such titles were awarded to
pre-colonial talugdars. At the same time, the reform process also led to two different land tenure
systems. In the mahalwari (reformed) areas, the colonial authorities made revenue settlements
with local village bodies, whereas in the talugdari (unreformed) areas, this was done with large
landlords (talugdars). In summary then, the impact of reforms (or treatment) is a combination
of a different land tenure system as well as smaller landholdings in the mahalwari areas. At
the time of independence, the recorded number of landlords per 1000 rural people across the
reformed districts was 49, i.e. almost three times the number in the unreformed areas (17),
suggesting the creation of a larger landowning elite group with lower land ownership per landed
elite in the reformed areas. After India’s independence in 1947, the state government enacted

laws to reduce inequality in land ownership, which were applied uniformly across the state.

1.4 Empirical Strategy

A naive OLS regression to estimate effects of land reforms on village v is shown in Equation ([1)).

Outcomes Y in village v will be regressed on a binary variable ReformedArea,, which equals
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1 if the village lies in the reformed area (and 0 otherwise), while controlling for village-level
covariates X,. In this case, S is the coefficient of interest. However, estimates of § may be

biased owing to unobservable confounders, such as differential treatment by pre-colonial rulers.

Y, = a+ BReformedArea, + X, , A+ €, (1)

In order to estimate treatment effects of land redistribution, I therefore, exploit the discontinu-
ity on either side of the border that separates reformed and unreformed areas. For this exercise,
I compare villages in the unreformed districts with those in neighboring reformed districts, most
of which were ceded by the Mughal ruler in 1801, as per the Treaty of Oudh (Figure E| The
Treaty of Oudh (1801) led to the transfer of the highlighted districts into the hands of the
British. The cession was based on fiduciary negotiations between the British authorities and
the Mughal ruler of the kingdom, who used to contribute towards the maintenance of British
troops. As Mahajan (2020) points out, after 1798, the British raised their monetary demands
with the intent of gaining territories. The objective was to burden the ruler, and then forego
demands in return for territories. Thus, in 1801, a settlement was reached wherein areas whose
gross revenue was equal to the amount foregone were handed over to the British. As a re-
sult, the ruler gave up territories along the periphery of his kingdom (which were to become a
part of the reformed areas), while retaining the central parts of his kingdom (the unreformed
areas of Oudh). The latter were annexed by the British only in 1856 and are referred to as
the unreformed areas, for unlike in the reformed areas, proprietary titles in these areas were
granted to pre-colonial talugdars. Therefore, to the best of my knowledge, existing historical
evidence suggests that apart from the fact that the unreformed region was home to the Mughal

ruler’s capital (Lucknow), the placement of the boundary was not influenced by any observable

8Some of these districts, as highlighted in a lighter shade of gray, had been ceded back in 1775.
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Figure 4: Reformed (Ceded) and Unreformed Districts

Following Dell (2010), dividing the border into 25 segments of equal length, I estimate 8 using
a spatial regression discontinuity (RD) design. As shown in Appendix in my benchmark
specification, I compare villages within a narrow bandwidth of 10 kilometers (6.25 miles) on
either side of the border. Like Dell (2010), a village is assigned to that segment which is closest
to its centroid. Equation provides the main specification. Outcome y, ., for village v in
agro-climatic zone z along segment s is regressed on a local linear polynomial in distance to
border f(Location,, . s), allowing for different slopes on either side of the border (Cattaneo et
al., 2019). Binary variable ReformedArea, ;s equals 1 if the village lies in the reformed area,
and 0 if it lies in the unreformed area, which makes § the main coefficient of interest. In the
main specification, I use three outcomes of interest, which are broadly representative of a vil-
lage’s socio-economic well-being. To estimate effects on household wealth, I construct an index
of durable asset ownership at the village level, combining all assets for which data is available in

the Population Census of 2011. To estimate the impact on the nature of economic activity and

°I provide additional justifications regarding the exogeneity of the boundary’s placement in Section
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structural transformation in a village, I use nonfarm employment per 100 people as the outcome
variable. Finally, I estimate the impact on human capital using average years of schooling per

individual.

4
Yv,zs = o+ ReformedArea, , s+ f(Location, , s)+7y Z DistHistCitiesf}’w+778+9Z+X1’)7Z78\I/+ev7z,s
i=1

(2)

Following Dell et al. (2018), who explicitly control for distance of villages to the region’s
largest urban area in the Vietnamese context, Dist] mpCitnyZ’s is the distance of the village
centroid to four historically important cities in the state (indexed i = 1 to 4). One of these
cities (Lucknow) is the current capital city of the state (and also a former capital), while two
are former capitals (Agra and Allahabad). A fourth city, Kanpur, is a historically important
commercial hub. X, . is a vector of rich village-level controls, including historical climatic
conditions (1970-2000), soil quality (2015), village v’s elevation and its distance to the nearest
river. These controls are included to enhance the precision of the point estimates. 7, and 6,
denote segment and agro-climatic zone fixed effects respectively. Segment and agro-climatic
zone fixed effects are required for identification as well as precision. Given its shape, a uniform
bandwidth on either side of the border implies an uneven number of villages on either side in
one of the three agro-climatic zones (and the segments within it) in the sample. The presence
of an international border with Nepal along the state’s northern border is the primary reason
for the same. Agro-climatic zone and segment fixed effects help control for this imbalance. €, . s
is the error term. In accordance with common practice, I use triangular kernels in the main

specification.
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Abadie et al. (2017) suggest that standard errors should be clustered at the same level as
the unit of randomization. In this case, this requires a deeper understanding of the nature of
the decision to hand over territories to the British (which later became the reformed areas).
Specifically, if territories were handed over in the form of entire administrative divisions, then
standard errors should be clustered at those levels. If, on the other hand, individual villages
were identified for the purpose of transfer, clustering may not be required. Figure [5| shows a
part of the Treaty of Oudh of 1801 (under which districts around Oudh’s boundary were handed
over to the British authorities), listing the territories transferred to the British authorities. As is
visible, there was no uniform pattern among the units that were used to transfer territories. For
instance, while in some cases entire districts (Chucklas) were transferred, in others, individual
locations and areas around them are mentioned. Accordingly, while in the main specification,
standard errors are clustered at the district-segment level, in Section [I.6.3] I discuss that my
results are robust to the choice of different clustering methods. Finally, while I use a bandwidth
of 10 kilometers in the main specification, in Section [1.6.3] I discuss that results are robust to

the usage of a variety of bandwidths.

1.5 Data
1.5.1 Owutcomes

Village-level data on asset ownership comes from India’s Population Census of 2011. The Cen-
sus lists the percentage of households in each village owning the following assets: radio, bicycle,
car, scooter/motorcycle, mobile phone, fixed line phone and computer. Novel data from the
Socio-Economic Caste Census 2011-12 provides similar data on a slightly different (and smaller)

basket of assets by caste group. Although this first of its kind census was conducted in 2011-12,
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ArTIOLE 1.

Hiz Excellanoy the Nabob Vieier hereby cedes to the Honourable the East
India Company, in perpetual sovereignty, the undermentioned portions of his
territorial possessions, amounting in the gross revenue to one crore and thirty-five
lakhs of rupees, including expenses of collections, in commutation of the subaidy,
of the expenses attendant on the additional troops, and of the Bensres and Fuor-
rackabad pensions,

Statement of the Jumma,

Chuekla Korab, Korrab, and Chuckls Etawahb . . . . . A3 4BFTT 11 @
Kebr and othors . . . % . . . . . " G,33474 © @
Furrackabad and others . . . . . . . . " 4500001 0 0
Khairaghor snd others. . . . . . 210000 0 O
Azimghur and others, Azimghur, }Iu!:.l-ui Bqnujun . . . | GarGl4 7 6

Gk s b Bt { AP O § 8
BADESE B 0
Soubah of Alishabad and others . . . . . . . . 034008 1 3
Chuckla Bareilly, Ascphabad, and Kelpoory . . . . . «° 4313457 11 3
Nabob Cunge, Kehly, and oibers | " . " 119,242 12 0
Molwul and others, with the exception of the ']'-hh'.lll: of .!l.nml . M 148378 4 0
Toran Juusa, Lockwow Sa, Be. . 13533474 8 3

Figure 5: A Snapshot from the Treaty of Oudh 1801

granular village-level data has not yet been made available for public consumption. In the main
specification, I estimate treatment effects on an aggregated asset index using assets from the
Population Census of 2011. This index is a weighted average of the percentage of households
owning each of the said assets at the village level, with the average price of the asset at the
intra-state regional level recorded from the National Sample Survey 2011-12. In Appendix [A73]
I explain the process of constructing this index. The index can be treated as a proxy for average

household wealth in a village.

Data on economic establishments, their sector, total employment, and the caste of owners
in each village comes from the Economic Census of 2013. I calculate the number of people em-
ployed in the nonfarm sector per 100 people in a village by dividing the total number of people
employed in nonfarm establishments operating in the village by that village’s population (and
multiplying by 100). This variable is an indicator of structural transformation within a village.
When estimating treatment effects by caste groups, due to unavailability of data on the caste

of workers, I use the number of establishments owned by members of different caste groups as
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an outcome. Finally, I obtain average years of schooling at the village level (both aggregated
and by caste group) from the aforementioned Socio-Economic Caste Census of 2011-12. This

variable represents human capital per individual residing in a village.

1.5.2 Geographical Variables

Modern-day GIS data at the village level (shape file) comes from Meiyappan et al. (2018),
while historical maps come from Baden-Powell (1892, 1894). Data for covariates comes from
different sources. Fick and Hijmans (2017) have prepared a high-resolution (1 km?) dataset
with information on historical bioclimatic conditions (1970-2000), which I match into the vil-
lage polygons. Similarly, high-resolution soil quality data (1 km? resolution) is available from
the International Soil Reference and Information Centre (2015). Data on distance to the nearest

river comes from shape files provided by the NRLP (National River Linking Project).

1.5.3 Archival Data: Social and Economic Indicators

In order to confirm that my main effects are not being driven by historical (pre-treatment)

confounders, I digitize data from a popular book written during the 16"

century, the Ain —
i — Akbari. This book contains data regarding pre-treatment tax demands and other variables
such as population’s social composition (caste and religion), number of infantry, cavalry, and
amount of charitable grants at the sub-district level (see Appendix . The digitization pro-
cess, therefore, involved manually mapping modern day sub-districts to colonial sub-districts,
6th

and further mapping those to sub-districts during the pre-colonial (Mughal) period in the 1

century (see Appendix |[A.5)). I compiled this dataset for a total of 94 sub-districts. Within the
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bandwidth, I end up obtaining data for 59 out of the 70 sub-districts.

Finally, for validity checks and the exploration of potential mechanisms, I use archival data
at the district level from different sources: average agricultural income per acre (Donaldson,
2018), inter-district migration (Population Census 1881) and literacy levels (Population Census
1881). T also compile novel datasets on colonial tax demands (sub-district level) and presence

of schools (village-level) from colonial gazettes published during the early 20" century.

1.5.4 Primary Data and Field Survey

Due to absence of secondary data, the exploration of mechanisms related to compliance with
caste-based norms within the bandwidth is challenging. As a result, during the Summer of 2022,
I conducted a field survey. For the same, I implemented a three-stage sampling design, which
involved randomly selecting 200 villages within the bandwidth, followed by random selection
of hamlets in villages with multiple hamlets. In each village, I randomly chose 12 households.

The three-step sampling process is explained below.

1. Choice of Villages: Given that I estimate treatment effects within a bandwidth of 10
kilometers along a boundary, which I divide into 25 segments of equal length, I created
four bins around each segment based on combinations of treatment status (reformed and
unreformed) and two equidistant bins of 5 kilometers each (0-5 kilometers and 5-10 kilo-
meters). As shown in Figure @, around each segment, I randomly selected 2 villages in
each of the following bins: reformed side within 0-5 kilometers, reformed side within 5-10
kilometers, unreformed side within 0-5 kilometers and unreformed side within 5-10 kilo-
meters. My target sample, therefore, consisted of 200 villages (25 segments and 8 villages

per segment). Owing to logistical constraints, however, I was able to reach 189 of these

OFor further details on all secondary data sources, please refer to Appendix
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villages. In Appendix [A.7], I show that these villages are broadly representative of all vil-

lages within the bandwidth with regard to bioclimatic, soil and socio-economic variables.

CONTROL

Figure 6: Sampling Design: Snapshot of One Segment

2. Choice of Hamlets: Indian villages are segregated into smaller habitations, or hamlets,
which are often based on the caste of the local population. Approximately 44% of the 189
villages in my final sample consist of only one habitation. Hence, this second step did not
apply to these villages. The remaining villages contain multiple habitations. I obtained
population data along caste lines (lowest caste/SC and the rest) from the Ministry of Water
Resources. Within each village, I, therefore, divided these hamlets into two categories:
SC dominated (>=50% SC population) and non-SC dominated (<50% population). This
is relevant, for households belonging to different castes may behave differently based on
the caste composition of their habitation. After this stratification, I randomly chose one
habitation per village in each category: one SC-dominated habitation and one non-SC
dominated habitation per village. In villages where all habitations belong to only one of

these categories, I randomly selected one habitation.

3. Choice of Households: The requirement from each village was a random sample of 12
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households. I divided these households into two categories: 6 households from the SC
category and 6 from the non-SC category. In the absence of census data that would allow
random sampling at the household level, I followed the standard “right-hand” rule. Enu-
merators entered a habitation and counted the number of households. If the requirement
from that habitation was a random sample of 3 households, they divided the number of
houses by 3 and got the quotient x. They then started from the beginning of the habi-
tation and sampled every z!" household to their right Each surveyor only interviewed
the head of the sampled household. Detailed protocols were provided to the surveyors in
order to deal with issues of absence of household members and/or closure of the house.
Following these protocols, the survey team was able to survey 2,038 households, i.e. 85%

of the target sample (2,400 households) across 189 villages.

1.6 Results
1.6.1 Validity of RD

Balance Checks

One of the two standard assumptions in regression discontinuity designs is that apart from treat-
ment status, no other independent variable, which may impact outcomes of interest, changes
discontinuously across the border. In order to test the same, using Equation , I estimate
the coeflicient on the treatment variable (Re formedArea, . s) for a variety of geographical and
bioclimatic variables, which are used as covariates in the main specification. While running
the balance check for a covariate, I control for distance to historically important cities, agro-

climatic zone fixed effects and segment fixed effects. Results from this exercise are shown in

Appendix

1 As an example, in a habitation with 20 houses, if the requirement was a random sample of 3 households,
the surveyor divided 20 by 3 and got 6 as the quotient. They then surveyed the 6%, 12¢" and 18" household on
their right side.
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Of the 40 covariates tested, the coefficient on the treatment variable is significant at the 10%
level for one covariate (precipitation of the driest quarter) and at the 5% level for one covariate
(precipitation seasonality). These results are not surprising, for even if the true coefficient on
the treatment variable equals zero, one expects estimates for 4 out 40 variables to be statistically
significant at the 10% level by chance. Similarly, even if the true coefficient on the treatment
variable equals zero, 5% of 40, i.e. estimates of treatment effect for two out of the 40 variables
may be statistically significant at the 5% level by chance. The magnitudes of the point estimates
as a proportion of the control means are as follows:, i.e. -0.8% and 0.1% for precipitation of
the driest quarter and precipitation seasonality respectively@ In the benchmark specification,

I control for each of the 40 covariates.

Despite apparent balance on observable variables between the two areas, there may be other
unobservable differences that may have come about as a result of pre-treatment institutional
differences such as different rulers at different points of time. If that is the case, estimates of
treatment effects may be picking up the impact of these pre-treatment differences. I am able
to partly dispel these concerns by looking at the political evolution of the area in my sample.
Joppen (1914) documents the evolution of different national and regional kingdoms and empires
across India over time. Among all the pre-19*" century snapshots in time that Joppen (1914)
records (fourteen snapshots during the period 250 BC-1795 AD), only one raises concern. As
shown in Figure [7] the southern boundary of the Kingdom of Jaunpur in 1398 (pink shade)
overlaps with the southern boundary of the unreformed area. Keeping the same in mind,
in Section [I.6.3] I conduct robustness checks to show that even if one removes observations

along the southern boundary from the sample, estimates of treatment effects do not change.

12A simple binomial test suggests that the likelihood of one out of 40 results being statistically significant at
the 5% level by chance is 87%. Similarly, the likelihood of two out of 40 results being statistically significant at
the 10% level by chance is 92%

26



Furthermore, I compile pre-treatment data on tax demands, number of infantry and cavalry,
demand for charitable grants, and regional caste composition at the sub-district level from the
16" century. In Appendix I show that these variables are balanced at the sub-district

level. In Section [1.6.3] I show that inclusion of these covariates does not affect estimates.

i " INDIA in 1398, Dol 3TN0
77
L7 :

Figure 7: Kingdom of Jaunpur (1398)

Sorting Around Boundary

The other threat to identification may potentially come from sorting around the boundary. In
this context, that will imply that in anticipation of the reforms, people may have sorted between
the two areas. The reforms took place during the 1820s. However, the first official national cen-
sus was conducted only in 1881. The Population Census of 1881 records the number of people in
each district by the district of their birth. Using this information, in Appendix[A.10] I show that
as of 1881, average inter-regional migration across the border of Oudh for the districts within

the bandwidth is statistically indistinguishable (p-value of t-test equals 0.76) for the two groups.

Even in the field survey, households were asked about their family’s migration history. On

average, overall migrant population makes up for only 1.2% of the population across sampled
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villages in reformed region, and 1.6% in the unreformed region. These are statistically indistin-

guishable.

1.6.2 Main Results

In Table (1}, I show estimates of treatment effects obtained from the benchmark specification.
These estimates suggest that colonial land reforms have had persistent positive effects across
reformed areas. All three estimates are statistically significant at conventional levels, i.e. un-
adjusted p-values suggest that estimates are significant at the 1% level for asset ownership
and nonfarm workers per 100 people, and at the 10% for average years of schooling. The
Bonferroni-adjusted p-values suggest that while point estimates for asset ownership and non-
farm employment are significant at the 5% and 1% level respectively, the estimate for average
years of schooling turns insignificant (with a p-value of 0.225). Given the conservative nature
of the Bonferroni correction method, I also show the sharpened False Discovery Rate (FDR)
g-values as described in Anderson (2008). As shown in Table |1, the sharpened FDR g-values
for the estimates suggest statistical significance at the 5% level for asset ownership and average

years of schooling, and at the 1% for nonfarm workers per 100 peopIeB

13Tn Appendix|[A.11] T show that estimates of treatment effects without controls are similar to the benchmark
estimates shown in Table [l However, they are estimated with lower precision.
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Table 1: Village Level Socio-Economic Indicators (2011)

(1) (2) 3)
Average Asset Nonfarm Workers Log Avg
Ownership Index Per 100 People Years of Schooling

Reformed Area=1 0.307*** 1.333*** 0.060*
(0.116) (0.238) (0.035)
Sharpened g-value [0.011]** [0.001]*** [0.031]**
Bonferroni corrected p-value [0.030]** [0.000]*** [0.264]
Control Mean 4.94 2.63 4.37
Bandwidth 10 km 10 km 10 km
N 10412 10364 9862

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent
on both sides, if not in log terms) used. Specifications control for geographic covariates, segment and

agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.

On a control mean of 4.94, the treatment effect on the index of asset ownership is 0.307 (around
6.2% of control mean). To put things in perspective, a village will have a value of 100 on this
index if all its resident households own at least one of all of the following: television, radio,
bicycle, motorcycle/scooter, computer, car, fixed line phone and mobile phone. On average,
across villages in the unreformed areas, the average distribution of asset ownership along the
extensive margin at the household level is as follows: 17.8% own a television, 30.8% own a
radio, 15.5% own a scooter/motorcycle, 82% own a bicycle, 2.3% own a car, 62.3% own only
a mobile phone, 2.3% own only a fixed line phone, 1.5% own both types of phones, and 5.7%
own a computer (which makes the average value of the index in such villages equal 4.94). As
an example, keeping all else constant, a treatment effect of 0.31 on the index implies that ow-
ing to colonial land reforms, when compared to the average unreformed village, in the average

reformed village, the fraction of households with at least one television, computer and mobile
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phone (only) is higher by 100%, 25% and 20.3% respectively.

The treatment effect on the number of nonfarm workers per 100 people is 1.33 over a con-
trol mean of 2.63, i.e. 50% of the control mean. Finally, average years of schooling in reformed
areas are 6.3% higher than in the unreformed areas. To put this in context, as per the Barro-Lee
dataset from 2010, education attainment across the unreformed areas is close to countries such
as Rwanda (4.36 years). Owing to colonial land reforms, this increases to roughly the level of

Cote d’Ivoire (4.65 years).

1.6.3 Robustness Checks

Different Bandwidths

The above results are robust to the choice of different bandwidths. In Appendix I es-
timate the benchmark specification using 16 different bandwidths (5-25 kilometers in intervals
of 1 kilometer). Across bandwidths, sign of the estimate remains the same, statistical signif-
icance is maintained and 95% confidence intervals remain statistically indistinguishable from

the benchmark estimate.

Donut Hole RD Estimates

It is possible that observations close to the border may be driving results. This may be espe-
cially relevant because I use triangular kernel weights in the benchmark specification. While
this may not be a concern in itself, it may be problematic for the empirical strategy’s inter-
nal validity if the treatment status of villages close to the border is wrongly assigned due to
measurement error. Villages on either side that are very close to the border and hence, each
other, may also be impacted by spillover effects. Therefore, I show estimates using the donut
hole approach. For all three outcomes, I remove observations close to the border, i.e. within

a distance of 2-4 kilometers on either side, in a sequential manner. In Table Table |25 and
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Table [26] in Appendix [A12.2] I show that all results obtained after eliminating observations
from the border have the same sign as the benchmark estimate. As shown in Figure and
Figure 42| (Appendix , the magnitude of point estimates for asset ownership and average
years of schooling remain stable and within the benchmark confidence interval. As shown in
Figure however, the magnitude of point estimates for nonfarm employment, shrinks in size

from 50% (benchmark) to 16% (donut hole of 4 kilometers) of the control mean.

Inclusion of Pre-Treatment Covariates

As discussed above, it is possible that pre-treatment differences in administration may be driving
treatment effects. It is also possible that benchmark estimates may be driven by pre-treatment
differences in the social composition of the reformed and unreformed areas. However, any anal-
ysis that can account for such factors faces data constraints. Colonial authorities maintained
written records of different areas through various documents such as district gazettes, land set-
tlement reports and official censuses. A lot of these records are accessible in archives, and many
of them have been digitized. However, availability of such records from the pre-colonial period

is limited.

A rare source from the pre-colonial era often cited in colonial documents is the Ain-i-Akbari, a
book written in the 16'" century by an official of the Mughal emperor Akbar’s court. As shown
in Appendix [A-4]this book contains records on land revenue demanded by the Mughal admin-
istration, presence of important social groups, number of infantry and cavalry, and charitable
grants (Suyarghul) at the sub-district level. I start by mapping modern day sub-districts within
the bandwidth to colonial and pre-colonial sub-districts (Appendix . I then digitize data
for the pre-colonial sub-districts mapped to modern day sub-districts within the bandwidth. At
the end of this exercise, I have pre-colonial data for 59 of the 70 modern sub-districts within

the bandwidth. I then assign the values compiled for a historical sub-district to all modern day
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villages mapped to it. I re-estimate the benchmark specification with and without these con-

trols. In Appendix I show that estimates are robust to the inclusion of these covariates.

Other Historical Confounders

The nature of the southern part of the border separating the reformed and the unreformed
regions may pose a threat to identification for two distinct reasons. One of them, as discussed
in Section [1.6.1] is the overlap between the southern boundary of the region and the King-
dom of Jaunpur in 1398. Second, a geographically and culturally important river, the Ganga,
flows along the southern boundary. This may be a potential confounder, for rivers may re-
strict physical mobility. I, therefore, re-estimate results after omitting this region. As shown
in Appendix [A:12.4] all point estimates obtained after the removal of villages along the south-
ern boundary are in the same direction and within the confidence intervals of the benchmark
estimates. The only statistically insignificant result, i.e. effect on average years of schooling
is positive with a p-value of 0.28. A potential reason behind this insignificance could be the

reduction in sample size by as much as 25%.

Across reformed areas, land revenue was revised periodically. However, one of the districts
in this region (Jaunpur) had been annexed in the 1770s and a permanent settlement, i.e. fixed
revenue settlement had been put in place. It is possible that benchmark results may be driven by
this area. I, therefore, re-estimate the benchmark specification after excluding the said region.
As shown in Appendix [A.12.5] results are robust to the exclusion of these observations. The sign
and size of the point estimates remain stable. For asset ownership and nonfarm employment
per 100 people, estimates remain statistically significant at the 5% and 1% level respectively.
The estimate for treatment effect on average years of schooling turns statistically insignificant

with a p-value of 0.115.
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Finally, as mentioned above, historical maps obtained from Joppen (1914) suggest that areas
within a bandwidth of 10 kilometers on either side of the border seem to have been governed
by the same rulers across all time periods, except during the 14" century. However, for a few
decades during the 18" century, reformed areas along the western part of the border were held
by a different Muslim community called the Rohillas. The Rohillas had been awarded the region
by Aurangzeb, the last Mughal ruler with pan-India influence. Hence, in the maps presented
by Joppen (1914), they are shown no differently from other remnants of the Mughal empire. It
is possible that treatment effects are be driven by observations within these areas (called Ro-
hilkhand). As shown in Appendix estimates are robust to the exclusion of observations

along that part of the border.

Different Kernels
In the main specification, I use triangular kernels. In Appendix I show that estimates
obtained using uniform and Epanechnikov kernels are statistically indistinguishable from bench-

mark estimates.

Different Levels of Clustering

As mentioned above, Abadie et al. (2017) suggest that standard errors should be clustered
at the level of randomization. However, given the evidence in Figure |5 it is difficult to iden-
tify the conceptually accurate level of randomization. In the benchmark specification, I cluster
standard errors at the level of district-segment. In Appendix [A12:8 I show that for two of
the three outcomes, i.e. asset ownership and nonfarm employment per 100 people, estimates
remain statistically significant at conventional levels when standard errors are clustered at the
following levels: village (no clustering), segment, district, sub-district and development block

(which is similar to a sub-district). However, for log of average years of schooling, estimates
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become insignificant when standard errors are clustered at the segment (p-value=0.13) and dis-

trict level (p-value=0.16).

Conley Standard Errors

Although I cluster my standard errors at the district-segment level and show robustness to dif-
ferent levels of clustering in the previous sub-section, recent literature related to spatial analysis
has taken additional note of potential autocorrelation across clusters (Conley, 2010; Kelly, 2019).
In this section, I show the robustness of my results to the usage of Conley standard errors that
correct for this correlation. In the absence of specific algorithms to decide the cut-off for spatial
correlation, I use a range of 20 kilometers. Also, given the limited progress in this subject area,
I am unable to estimate coefficients with Conley standard errors using triangular kernel weights.
For this comparison, therefore, I compare benchmark estimates using rectangular kernels and
estimates with Conley standard errors without any weights. As shown in Appendix

results are robust.

1.6.4 Treatment Effects by Caste Groups

The colonial policy in reformed areas led to the recognition of formal proprietary rights for
smaller village communities. A majority of these landowners, however, belonged to upper castes
(Appendix . Existing literature shows that ownership of land has the potential to signifi-
cantly impact a household’s socio-economic outcomes (Finan et al., 2005; Keswell and Carter,
2014). At the same time, the creation of a larger landowning class could have impacted lower
(non-upper) caste households, most of whom did not receive land, but resided in reformed areas.
Archival data suggests that households belonging to the lowest castes remained landless even
in the reformed areas. Members of intermediate caste groups were primarily landless, although

certain sub-groups held land in some of the reformed areas. In this section, I report estimates
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of the long-run effects of land redistribution on the descendants of households belonging to the
lowest caste group. I use the benchmark empirical specification, comparing outcomes for lowest

caste households across villages on either side of the border within the same bandwidth.

Results reported in Table |2 point to positive long-run effects of redistribution on these house-
holds. As shown in Column (1), although imprecisely estimated (unadjusted p-value=0.17), the
effect on durable asset ownership is 11.7% of the control meanE The effect on average years
of schooling is 6%, which is almost the same as the aggregate effect. Finally, the Economic
Census does not report the caste of employees across different establishments, but provides
the caste of their owners. Hence, in Column (2), I estimate the effect of redistribution on
ownership of nonfarm establishments across lowest caste households. The treatment effect is
positive, statistically significant and roughly 86% of the control mean. Unfortunately, due to
data constraints, I cannot estimate treatment effects on asset ownership and average years of
schooling for intermediate caste groups. However, the Economic Census provides disaggregated
data for these castes as well. Although not reported in Table |2 estimate of treatment effect on
ownership of nonfarm establishments is positive and statistically significant even for this group
of households. These estimates along caste lines are an addition to existing literature on the
long-run effects of different colonial land policies in India, which primarily focuses on aggregate

effects (Banerjee and Iyer, 2005; Banerjee et al., 2005).

4 Asset ownership data by caste groups comes from the Socio-Economic Caste Census, which is publicly
unavailable. The basket of assets reported in this Census is different from that reported in the Population
Census, which is used for the estimation of the aggregate effects. The SECC basket is smaller, and leaves out
ownership of radios, bicycles, televisions and computers, while including refrigerators.
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Table 2: Treatment Effects for Lowest Caste HH

(1)

Average Asset
Ownership Index

(2)

Nonfarm Establishments
Owned Per 100 People

3)
Log Avg
Years of Schooling

Reformed Area=1 0.252 0.612*** 0.059*
(0.182) (0.114) (0.032)
Sharpened g-value [0.110] [0.001*** [0.071]*
Bonferroni corrected p-value [0.507] [0.000]*** [0.198]
Control Mean 2.15 .71 3.48

Sample Lowest Caste Lowest Caste Lowest Caste
Bandwidth 10 km 10 km 10 km
N 8888 9584 8814

Robust standard errors in parentheses

*p<0.10, **p<0.05, ¥***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both
sides, if not in log terms) used. Specifications control for geographic covariates, segment and agro-climatic zone

fixed effects. Standard errors clustered at the district-segment level.

1.7 Potential Channel of Persistence

Results reported in Section [1.6|point to positive long-run effects on socio-economic indicators for
the entire population, as well as for those lower caste households whose ancestors did not receive
any land under the colonial redistribution policy. This is noteworthy, given that since India’s
independence in 1947, several federal and state-specific redistributive policies have been im-
plemented to ensure convergence among different socio-economic groups. Lowest caste groups,
for instance, have benefited from affirmative action in legislatures, public sector jobs and ed-
ucational institutions. It, therefore, seems that land redistribution led to persistent changes
that have positively impacted the lives of lower caste households in the reformed areas. In the

following sub-sections, I explore one such potential channel of persistence.

1.7.1 Compliance with Caste-Based Norms

The caste system prescribes different ways of life for different caste groups. Traditionally, elite

castes were associated with higher levels of education and putative professions such as warriors,
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priests and traders. At the same time, intermediate castes provided manual labor in the fields,
and lowest castes took on tasks related to “organic, waste, filth, ritual pollution, death, evil
spirits or several menial tasks” (Deliege, 1999). Similarly, members of the intermediate and
lowest caste groups were not expected to be educated. Given the pro-elite nature of these
caste-based norms, it was in the interest of the landed upper caste households to retain the
status quo. Ownership of land gave such households adequate power to ensure the enforcement
of such norms. It is, therefore, not implausible to think that a policy shock to landowning
patterns could have impacted the enforcement of these norms by lowering the ability of the
landed upper caste households to enforce them. In fact, Stokes (1983) documents the struggle
of non-cultivating upper caste landlords impacted by constant divisions in their property, and

that this was more pronounced in the reformed areas.

Qualitative archival evidence also suggests that a first-order effect of land redistribution may
have been a reduction in caste-based residential segregation within villages (Baden-Powell, 1892;
Ahmed, 1952). Using present day data from the Ministry of Water Resources, I find that these
effects persist. Causal estimates reported in Table [3| suggest that redistribution led to smaller
villages with fewer number of caste-based habitations per village. Because most official govern-
ment data captures population by two broad groups: lowest caste (SC/ST) and the rest, I show
that across reformed areas, the policy led to a reduction in the number of SC/ST-dominated
habitations (>50% population) and those with no SC/STs, suggesting lower residential segre-

gation and higher mixing, which suggests a weakening of caste-based norms.
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Table 3: RD Estimate: Village Structure (2018)

(1) 2 3) (4) (5)
Log Village  Log Population  Log No. of All  No. of Habitations No. of SC/ST Dominated

Area Density Habitations with no SC/ST Habitations
Reformed Area=1 -0.232%* 0.005 -0.302%** -0.424* -0.172**
(0.053) (0.052) (0.086) (0.232) (0.074)
Control Mean 197.21 8.78 3.83 1.48 .76
Bandwidth 10 km 10 km 10 km 10 km 10 km
N 11024 10378 9539 9539 9539

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Specifications control for geographic covariates, segment and agro-

climatic zone fixed effects. Standard errors clustered at the district-segment level.

Given the proximate effects on caste-based residential segregation, it is plausible that land re-
distribution may have led to long-lasting changes in the functioning of the caste system in the
reformed areas. As mentioned earlier, the caste system prescribes limited socio-economic mobil-
ity for lower caste households. Therefore, the level of compliance with such restrictions among
these castes is also an outcome of interest. This is important, for compliance with such norms
shapes aspirations. Literature suggests that optimal levels of aspirations among individuals are
important for long-run development (Genicot and Ray, 2017). The caste groups themselves rep-
resent a sizeable population of interest. Estimates suggest that people belonging to intermediate
and lowest castes make up for over 60% of the state’s population (Varshney, 2019). Nationally,
as per the Population Census of 2011, members of lowest caste groups (Scheduled Caste and
Scheduled Tribe) account for roughly 25% of the country’s overall population. The Population
Census, however, does not distinguish between the upper and the intermediate castes. Esti-
mates form other government sources, however, suggest that members of intermediate caste

groups make up 40-50% of the country’s populationE

5 For instance, as per the United District Information System for Education Plus (UDISE+), school enrolment
data suggests that intermediate caste groups make up for 45% of the country’s population. This is close to the
estimate provided by the National Sample Survey Organisation in 2007, i.e. 41% households belong to the
intermediate category.
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In order to test the long-run effect of redistribution on compliance with restrictive socio-
economic norms amog lower caste households, I conducted a field survey, which has been
described in Section [1.5.4] During this survey, respondents were asked several questions re-
lated to their attitudes towards these norms. For instance, the survey team read out statements
related to traditional caste-based socio-economic norms and recorded the level of agreement us-
ing a 5-point Likert scale (Strongly Agree, Agree, Neutral, Disagree, Strongly Disagree). These
statements are listed in Appendix For the purpose of estimation of treatment effects,
I created a composite index, which equals the mean of responses received to all these state-
ments. Given the traditional linkage between caste and profession, respondents were also asked
a question related to their aspirations for their son/grandson: What job would you like your

son/grandson (<18 years) to take up when he grows up?

To estimate treatment effects on the aforementioned norms using survey data, I use a mod-
ified version of the specification mentioned in Equation . While everything else remains the
same, the only modification is in the construction of weights used to estimate the coefficient of
interest. For each respondent in a randomly selected village, I multiply that village’s original
weight (as calculated using triangular kernels) by the weight assigned to that household within
its bin (a combination of segment, the distance bin and treatment status) based on its caste
and that caste’s share within the stratum. I also control for the household’s caste, respondent’s
gender and age. In Table [4] I show estimates of treatment effects. The respondents for both
the outcome variables are restricted to lower caste households (intermediate and lowest caste

households).
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Table 4: RD Estimates: Socio-Economic Aspirations

(1) (2)
Index of Caste-Based ~ Low Quality Job
Stereotypes (Scale 1-5) Aspiration for Son

Reformed Area=1 -0.290* -0.149*
(0.161) (0.086)

Sample Lower Castes Lower Castes

Control Mean 2.47 .52

Bandwidth 10 km 10 km

N 1801 1492

Robust standard errors in parentheses

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

Results reported in Table[d]suggest that colonial reforms have led to weaker beliefs in caste-based
socio-economic norms/restrictions among lower caste households. On average, the likelihood of
respondents agreeing with caste-based socio-economic restrictions for members of their caste is
11.7% lower in reformed areas. Similarly, on average, reforms have led to a 28.6% reduction
in the likelihood that respondents aspire for low-quality jobs for their sons/grandsons. Both
results are significant at the 10% level. Additionally, in the survey, surveyors also asked respon-
dents about their opinions about the current functioning of of the caste system. Inspired by

a question in the World Values Survey (2017-21), respondents were asked the following question.

“In this question, we will give you three basic kinds of attitudes concerning the caste system.

Please choose the one which best describes your own opinion.

(a) The entire way our society is organized must be radically changed by revolutionary action

(b) Our society must be gradually improved by reforms
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(¢) Our present society must be valiantly defended against all subversive forces”

Consistent with findings related to economic mobility, as shown in Table [5] lower caste house-
holds in reformed areas are more disapproving of the status quo. Depending on the scale, owing
to reforms, on average, lower caste households are 8.5-9% more likely to advocate for changes
to the caste system. Similarly, owing to these reforms, on average, they are 71% more likely to

advocate for radical changes to the caste system.

Table 5: RD Estimates (Binary Variables Unless Specified)

Should Caste system be changed?

(1) (2) 3)

Desire for Any Change Desire for Desire for
(Scale 1-3) Any Change Radical Change

Reformed Area=1 0.171* 0.078* 0.093*

(0.078) (0.042) (0.051)
Sample Lower Castes Lower Castes  Lower Castes
Control Mean 2 .87 13
Bandwidth 10 km 10 km 10 km
N 1792 1792 1792

Robust standard errors in parentheses

*p<0.10, **p<0.05, ¥**p<0.01

1.7.2 Competing Explanations

Although compelling in nature, the argument that indirect effects on lower caste households’
socio-economic indicators flow through these attitudinal changes is questionable. It is possi-
ble that land reforms may have ushered in economic growth, which may have led to a change
in these attitudes. However, anecdotal evidence suggests that reformed areas did not witness

any immediate positive economic impact (Dutt, 1900; Stokes, 1983). Empirically, suggestive
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evidence using district-level data on real agricultural income per acre compiled by Donaldson
(2018) also points in the same direction. Using data for districts within the bandwidth, I esti-
mate Equation . I regress the log of real agricultural income per acre (y) of a district ¢ during
year t on the district’s treatment status (Reformed;), while controlling for agro-climatic zone
fixed effects (z;). In Figure |8} I report point estimates of treatment effects for each year during
the period 1884-1930 along with 95% confidence intervals. Estimates suggest that during the
said period, the two areas were either no different, or the reformed areas lagged behind the
unreformed areas in terms of real income. When seen along with evidence on the proximate
effect of reforms on caste-based norms (Table , results suggest that the causal chain between
reforms and socio-economic outcomes for lower caste households seems to be flowing through

changes in compliance with norms, and not the other way around.

Vit = ¢ + frReformed; + z; + €; (3)

Another potential causal pathway may be linked to colonial governance. It is possible that lower
caste households in unreformed areas may have been worse off if the colonial government was
more extractive in those areas. Alternatively, lower caste households may have benefited due to
better colonial governance in the reformed areas. These factors may have changed compliance
with caste-based norms. I compile novel archival data from colonial gazettes from the early 20"

century to address these concerns.

To address concerns regarding the extractive nature of colonial governments, I digitized tax
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LOG REAL INCOME ACRE (BORDERING DISTRICTS)
Coefficients on Variable Reformed=1 (1884-1930)

N
Note: Coefficients on dummy variable for reformed areas reported for all years during 1884-1930
except 1926-1928. The sample includes only districts around the border and the specification
controls for agro-climatic zone fixed effects.

Figure 8: Suggestive Evidence on Proximate Economic Effects of Reforms

demand data at the sub-district level from colonial gazettes. In Appendix I show results
from t-tests conducted for tax demands across sub-districts within the bandwidth. Results
suggest that between the two areas, the difference in the log of average tax demand per unit
cultivable land is statistically insignificant. Similarly, the difference in the log of average tax
demand per unit overall land is also statistically insignificant. These gazettes also contain
locality-wise information on schools. To address concerns related to colonial governance, I dig-
itized data for 2,780 schools located in sub-districts that are part of the bandwidth. Owing to
different spellings and changes in names over time, I manually mapped these schools to modern
day villages and cities. At the end of the exercise, I was able to match 2,364 (85%) of the
2,780 schools to modern day areas. As reported in Appendix [A.T4.2] RD estimates suggest
that there was no difference in probability of school placement between the two areas. Colonial
governance, therefore, does not seem to be a mediator between redistribution and compliance

with caste-based norms.

Existing literature on persistence of long-run effects of historical policies and institutions has

focused on channels such as historical provision of infrastructure and public goods (Dell, 2010;
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Dell and Olken, 2020), differences in post-colonial governance (Banerjee and Iyer, 2005, Pandey
2010) and nature of relations between elite and non-elite (Acemoglu et al., 2014; Anderson et
al., 2015). Results shown in this section provide novel evidence of the persistent impact of a

historical colonial policy on compliance with traditional social and cultural norms.

1.8 Conceptual Explanation

Empirical results suggest that over two centuries after their implementation, positive effects
of colonial land reforms on three important indicators related to household wealth, structural
transformation and human capital persist. Heterogeneity analysis suggests positive effects on
the descendants of lower caste households that did not receive land. Further analysis suggests
that reforms led to lower compliance with restrictive caste-based norms among lower caste

households, which may be a potential channel of persistence.

Lower compliance with caste-based norms challenges the authority of upper caste households.
It is, therefore, natural that upper caste households will want to resist any such change. Using
a political economy model by Acemoglu and Robinson (2006), I argue that upper caste house-
holds in the reformed and unreformed areas face different incentive structures. As a result, such
households in the reformed areas are less likely to resist social changes such as a reduction in

compliance with caste-based norms among lower caste households.

Acemoglu and Robinson (2006) provide a theoretical framework, which models the behavior
of the elite in the face of socio-economic changes that might challenge their authority. An
abridged version of the model is laid out in Appendix The central idea behind the model
is that when faced with an option to accept or reject a socio-economic change (such as dilution
of norms), elites, such as upper caste households, face a trade-off between replacement and ero-

sion of power. Given this central premise, the model predicts that elites are less likely to block
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change as political competition rises from intermediate to high levels, and as political rents
reduce@ Relative to the unreformed areas, upper caste landowners in the reformed areas did
face higher political competition. In addition, apart from creating a bigger elite group, reforms
also led to lower landholdings per upper caste landowner. Give the socio-political dominance
of upper caste households over lower caste households during the colonial period (Prasad 1979;
Mohanty, 2001), this meant a reduction in political rents. The model, therefore, predicts that
upper caste landowners in reformed areas have had lower incentive to block changes in compli-

ance with caste-based norms among lower caste households.

The model’s prediction, when tied with empirical evidence related to social control by tradi-
tional elite in democratic societies, provides another prediction that can be empirically tested.
Empirical evidence suggests that with the emergence of democratic institutions in post-colonial
societies, traditional elites are turning to the use of social capital and trust as a means to ensure
persistent social control (Acemoglu et al., 2014; Anderson et al., 2015). These findings and the
model’s prediction, therefore, suggest that upper caste households in reformed areas should be
less cooperative with lower caste households. As a corollary, in the unreformed areas, upper
caste households have higher incentive to control society due to lower competition and higher
political rents. The model, in conjunction with the literature, therefore, predicts that upper
caste households in unreformed areas should be more cooperative with lower caste households.

This cooperation may then be used to block socio-economic changes such as reduction in com-

The model also makes the following predictions: elites are less likely block economic change as external
threat from foreign powers rises and that they are less likely to block economic changes that are more likely
to erode their incumbency advantage. In the context of this paper, these are not relevant, for to the best of
my knowledge, any foreign threat after 1856 has been uniform between the two areas. Similarly, we are only
concerned with one change, and are not comparing between different types of changes. The last prediction states
that elites are less likely to block economic change as levels of human capital among non-elite rise. For instance,
elites controlling higher human capital may be tempted to opt for technological/institutional change if they
believe that a combination of this human capital and the change can bring about higher benefits than current
economic rents. In order to test whether this factor is relevant in this scenario or not, I digitized district-level
data related to education levels from the Population Census of 1881 (the first national census conducted by the
British). As shown in Appendix across bordering districts in my sample, percentage of population who
were either literate or under instruction as of 1881 is the same. This evidence suggests that levels of non-elite
human capital should not have had any bearing on elite’s response towards attitudinal changes.
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pliance with caste-based norms, which could have benefited lower caste households.

I test the above prediction using two kinds of questions in my survey. First, surveyors asked
lower caste households whether their caste group shares the same source of water (well) as the
elite. This is an important question (also used by Anderson et al., 2015), for traditional caste
relations forbade sharing water from the same source. Additionally, in order to obtain evidence
on levels of trust through indirect elicitation, following the method used in Kubota et al (2013),
surveyors played the Ultimatum Game (explained in Appendix with lower caste house-
holds, varying the proposer’s caste and the amount offered. Results are reported in Table [6] and

Table [1

Table 6: RD Estimates: Water Relations

(1) 2)

Well Well
Sharing with ~ Sharing with
Elite (Modal) Elite (Modal)

Reformed Area=1 -0.323%* -0.341%**
(0.106) (0.112)

Level Village-Caste  Village-Caste

Sample All Castes Lower Castes

Control Mean .68 .64

Bandwidth 10 km 10 km

N 398 353

Robust standard errors in parentheses

*p<0.10, **p<0.05, ***p<0.01
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Table 7: Ultimatum Game RD Estimates (Outcome: Weighted Rejec-

tion Rate)
Offers From
1) 2) ®3)
Traditional
All Caste All UC Landowning UC

Reformed Area=1 0.059 0.079* 0.092*

(0.043) (0.047) (0.049)
Sample Lower Castes Lower Castes  Lower Castes
Control Mean 48 .52 .54
Bandwidth 10 km 10 km 10 km
N 1801 1794 1794

Robust standard errors in parentheses

*p<0.10, *¥p<0.05, ***p<0.01

Results (Table @ suggest that upper caste households across reformed areas are less accommo-
dating towards lower caste households as measured by the likelihood of water-sharing among
caste groups (cooperation). On average, responses from lower caste households suggest that
reforms have made upper caste households 53% less likely to share water from the same source.
Results from the Ultimatum Game (Table [7)) point in the same direction. Existing literature
suggests that despite rationality dictating acceptance of all offers during the Ultimatum Game,
rejections come about due to factors such as lower trust (Dotsch et al., 2008) and negative
stereotypes regarding the proposer (Dovidio et al., 1996). In Table [7| I show that lower caste
households are more likely to reject offers from the traditional elite in reformed areas, thereby
suggesting lower levels of trust and/or stronger negative stereotypes regarding upper caste
households. The fact that these two pieces of evidence (water-sharing and Ultimatum Game)
point in the same direction suggests that upper caste households in reformed areas have main-
tained worse relations with lower cast households than their counterparts in unreformed areas.
Compared to the unreformed areas, this may have made the process of dilution of caste-based

norms easier, which would have benefited the lower caste households.
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Further evidence that may point to wider social acceptance of upper caste households among
lower caste households in the unreformed areas comes from candidate selection in state-level
elections. As shown in Figure [9] evidence from the 2012 and 2017 state-level elections (within
the bandwidth) suggests that upper caste candidates, despite their caste’s population being in
a minority, are more likely to be fielded by the state’s traditionally dominant political parties
in the unreformed areas (p-value of t-test equals 0.01). This is true even for parties such as
the Samajwadi Party and the Bahujan Samaj Party, which were established in the second half
of the 20" century as the parties of the intermediate and lowest castes respectively (p-value of

t-test equals 0.02).

PROPORTION OF HINDU CANDIDATES PROPORTION OF HINDU CANDIDATES
FROM UPPER CASTE (UNRESERVED) FROM UPPER CASTE (UNRESERVED)
Traditionally Dominant Parties (2012 and 2017) Only Top 2 Non-Elite Parties (2012 and 2017)
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Figure 9: Candidates from Elite Castes

1.9 Conclusion

Policies impacting land ownership patterns may influence long-run socio-economic development
(Engerman and Sokoloff, 1997; Dell, 2010). However, the estimation of the impact of such
policies faces empirical challenges. Existing literature has focused on institutional, political and
economic channels through which differences in land ownership patterns may impact long-run
development. However, given the linkages between land ownership and social hierarchies across

the world, polices impacting such patterns may operate through another channel, i.e., social
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and cultural norms.

In this paper, I estimate the long-run effects of land redistribution on socio-economic out-
comes by exploiting the characteristics of a colonial policy implemented in the 1820s. Owing
to the staggered annexation of India’s largest state, Uttar Pradesh, the British authorities,
while redistributing land among a larger set of landowners in 72% of the state (reformed ar-
eas), granted proprietary titles to a small set of landlords in the remaining area. The process
eventually led to a scenario wherein the average number of landlords per 1000 rural people in
the reformed areas (49) was almost three times the number in the unreformed areas (17). The
policy experiment provides me with a setup for a spatial regression discontinuity design around

an arbitrary border separating the two regions.

Estimates using village-level microdata suggest that even after two centuries of implementation
and passage of post-independence laws regarding land redistribution across the state, average
positive effects of colonial land redistribution on durable asset ownership (6.2%), nonfarm em-
ployment (50%) and average years of schooling (6.0%) persist. I also find positive treatment
effects on descendants of lowest caste households that resided in the reformed areas, but did
not receive land under the redistribution policy. On average, lowest caste households residing in
reformed areas are more likely to own durable assets (11.7%), own a higher number of nonfarm

establishments (86%), and are more educated (5.9%).

There may be several channels of persistence behind these long-run effects. In this paper, I
focus on the impact of redistribution on the functioning of the caste system as a potential chan-
nel of persistence. Traditionally, upper caste households were the social elite as well the landed
economic elite. In both the reformed and the unreformed areas, over two-thirds land was owned

by upper caste Hindu households. A combination of these factors allowed such households to

49



control society as per caste-based norms, which prescribed restriction on lower caste households,
especially those belonging to the lowest castes. These norms restricted their socio-economic de-
velopment. I hypothesize that land redistribution acted as a shock to land concentration in
the reformed areas, which may have impacted the ability of upper caste households to control

society, as well as lower caste households’ attitudes towards caste-based restrictions.

Qualitative and quantitative evidence, for instance, suggests that reduction in caste-based res-
idential segregation may have been a proximate impact of land redistribution in the reformed
areas. Using data from a field survey conducted across 189 villages during the Summer of
2022, 1 find causal evidence that reforms led to higher aspirations (29%, on average) and lower
adherence to pro-elite caste-based socio-economic norms among non-elite households (12%, on
average), along with a higher appetite for changes in the existing institution of the caste system
(8.5-9%, on average). Using novel archival data, I show evidence that it is improbable that
compliance with these norms was impacted by other intermediate outcomes resulting from re-

distribution, such as differences in colonial governance or levels of agricultural productivity.

I argue that these results are consistent with a dynamic political economy model proposed
by Acemoglu and Robinson (2006) that explains elite’s behavior towards institutional changes
that may threaten their hegemony. As per the model, owing to higher competition and lower
political rents, landed upper caste households in reformed areas did not have adequate incentive

to block the weakening of caste-based norms.

When read in conjunction with recent literature regarding the usage of social cooperation by
elite as a means to control society in democratic countries, the model implies lower (higher)
cooperation between upper caste and lower caste households in reformed (unreformed) areas.

Analysis of survey data provides causal evidence that reforms led to upper caste households
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being less accommodating towards lower caste households. For instance, on average, reforms
have led to lower likelihood of water-sharing between upper caste and lower caste households
from the same well (53%, on average). Evidence from Ultimatum Game played with respon-

dents point to lower trust between the two groups (15.3-16.7%, on average).

A holistic reading of these results implies that land redistribution weakened incentives among
upper caste landlords to enforce the caste system across reformed areas, which ultimately al-
lowed lower caste households to grow socially and economically. At the same time, owing to
high political rents and low competition, upper caste landlords in unreformed areas may have
been more inclined and therefore, more successful in controlling society as per traditional caste-
based norms. This may have played a role in impeding socio-economic development among

lower caste households.
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2 CHAPTER 2: Road Connectivity, State Capacity and

Bureaucratic Efficacy: Evidence from IndiaE

Several developing countries have institutionalized social protection schemes to serve socio-
economically marginalized groups. However, timely delivery of such public services remains
a challenge. In this paper, I test the hypothesis that enhanced state capacity by means
of improved roads can speed up delivery of public services by facilitating easier commutes
for on-field bureaucrats. Using village-level data from 2014-15, I estimate the impact of
rural roads on the timeliness of last-mile delivery in the context of a national public works
scheme in India. Using an identification strategy inspired by fuzzy RD, exploiting exogenous
variation in rural road construction provided by arbitrary population-based thresholds under
a national road construction program, I find evidence that rural roads lead to a reduction in
time taken to process beneficiary payments. Results from heterogeneity analysis show that
these effects are driven by villages far away from local government headquarters. Spatial
heterogeneity in treatment effects may point to complementarity between state capacity and

bureaucrats’ incentives.
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Santacruz for their inputs. I am also grateful to participants at the 1st Annual World Bank Conference on
Transport Economics (March 2023) for their suggestions. Finally, I am thankful to Sam Asher for his guidance
on data-related issues.
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2.1 Introduction

Populist welfare schemes have become an important component of economic policymaking across
developing countries. The Indian context is no exception. Over the last few decades, programs
aimed at rural employment, sanitation, food security, and education have been conceived and
implemented by successive federal and state-level governments. However, most of these schemes
suffer from issues related to last-mile delivery (Marfatia 2019). Implementation of these schemes
often requires significant on-field coordination among bureaucrats and representatives elected
to local governing bodies. Hence, indicators of state capacity such as quality of last-mile road
connectivity may influence timeliness of service delivery. In this paper, I investigate whether an
increase in state capacity, as measured by construction of feeder roads in rural areas, improves

outcomes related to last-mile delivery in the context of a popular public works scheme in India.

Identification of the effects of rural road placement faces challenges related to endogeneity.
For instance, roads may be constructed in areas that are better governed or are politically more
important for the government. In order to address these concerns, I exploit the characteristics
of a national-level rural roads program (Pradhan Mantri Gram Sadak Yojana, or PMGSY)
launched in India in December 2000. The program uses arbitrary population-based thresholds
to prioritize construction of paved roads across villages, which are integrated with the larger
all-weather road network of the area. In the absence of manipulation in population records,
the number of villages that are just eligible and just ineligible, i.e. those with population only
slightly higher and lower than the thresholds, should be exogenous. This allows me to instru-
ment the ratio of villages connected by a paved road in an area by the number of villages that

are just eligible for road construction.

I use the aforementioned strategy to assess the impact of rural roads on the timeliness of

last-mile delivery in the context of a national-level public works scheme (Mahatma Gandhi

23



National Rural Employment Guarantee Act, or MGNREGA) during the financial year (FY)
2014-157¥ Under this scheme, beneficiaries can demand manual work from their local govern-
ing body, and should receive their payments within 15 days of work. However, at least during
FY 2014-15, delays in processing beneficiary payments were a major challenge (Narayanan,
Dhorajiwala and Golani 2019). During the said period, this process involved several on-field
steps that required inter-personal coordination, which meant that officials had to often travel
within their assigned areas, as well as to and from the local sub-district office. By facilitating
easier commutes for such officials, improved rural connectivity should have ideally enhanced
the state’s capacity to ensure timely payments. Therefore, in this paper, I estimate the impact

of rural road connectivity on the time taken to process beneficiary payments under MGNREGA.

Under MGNREGA, the payment process consists of on-field and off-field steps. As per the
program’s provisions, all these steps should be completed within 15 days of a beneficiary’s
labour. The program’s official website provides data on the number of transactions and amount
of beneficiary payments for which all on-field steps were completed within a) 15 days, b) 16-30
days, ¢) 31-60 days, d) 61-90 days and e) more than 90 days. I estimate treatment effects of
road construction on the proportion of transactions processed within each of these intervals.
My estimates suggest that road construction impacts the proportion of transactions processed
within the 16-30 day and 31-60 day intervals. After controlling for a rich set of baseline covari-
ates and fixed effects, I find that ensuring road connectivity across all just eligible villages in
an area raises the proportion of transactions for which on-field steps are completed during the
16-30 day interval by 12.8 percentage points (over a control mean of 27%). Correspondingly,
the treatment effect on the proportion of transactions processed within the 31-60 day interval
is minus 12.4 percentage points (over a control mean of 24%). When the outcome variable

changes to proportion of amount processed, these estimates change to 15.3 percentage points

®The Indian financial year is defined as the period between April 1 and March 31 (of the subsequent year).
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over a control mean of 27% for the 16-30 day interval, and minus 14.4 percentage points over
a control mean of 24% for the 31-60 day interval. Given these results, I conclude that rural
road construction ensures quicker completion of on-field steps concerning payment processing
under MGNREGA. On average, this implies quicker processing of annual payments worth USD

2,193-2,705 in a rural area with total annual beneficiary payments worth USD 17,684.

Results are robust to the usage of a different yet related endogenous regressor, i.e. ratio of
population (and not villages) in an area connected by roads. They are also robust to widening
the definition of road coverage to include all roads (PMGSY and non-PMGSY). For my bench-
mark specification, I use a bandwidth of +/-50 people around the mandated thresholds (500
and 1,000) to determine just eligible and just ineligible villages. I, therefore, test whether results
are sensitive to choice of bandwidth. While treatment effects within alternate bandwidths are
statistically indistinguishable from the benchmark estimate, I find that the magnitude of point
estimates increases as bandwidths are shortened, thereby suggesting that treatment effects may

be localized.

I also find that treatment effects are spatially heterogeneous, for positive treatment effects on
timeliness of payments are driven by areas farther away from local administrative (sub-district)
headquarters. These results rule out general improvements in efficacy of on-field bureaucrats as
a potential mechanism. Hence, although suggestive, I offer an explanation based on monitoring
and oversight of on-field functionaries by higher officials. Given that transportation costs can be
an impediment for monitoring (Asher, Nagpal and Novosad 2018), it is possible that by making
remote villages more accessible, rural roads allow officials at the sub-district level to focus more
on these newly connected villages. Under MGNREGA, on-field functionaries are not rewarded
for good performance, but they may be punished for poor performance by means of show-cause

notices and suspensions. It is, therefore, in the interest of on-field functionaries to focus on
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areas where senior officials are more likely to be pro-active. These results may, therefore, be
suggesting that on-field functionaries leverage higher state capacity in areas where they have

higher incentives to perform better.

Larger treatment effects in remote areas may be a result of other factors. For instance, roads
built in those areas may be of superior quality. However, I rule out this possibility by showing
that the probability of receiving a road made of bitumen or concrete is not a function of distance
to sub-district headquarters. Neither do I find any reduction in total MGNREGA transactions
in such areas, which may have potentially increased timeliness of payments by reducing bureau-

crats’ workload.

The rest of the paper is organized as follows. In Section 2.2 I outline the contribution of
this paper to existing literature. Section describes the setup in context of the two schemes.
Section [2.4] contains the empirical specifications, while Section [2.5] consists of the main results.
In Section [2.6] and Section I show results from robustness checks and explore potential

mechanisms respectively. In Section I outline the paper’s conclusions.

2.2 Contribution to Literature

Across developing countries, enhanced road connectivity in rural areas has been widely associ-
ated with positive socio-economic outcomes (Jacoby 2000; Khandker, Bakht and Koolwal 2009;
Mu and van de Walle 2009; Aggarwal 2018; Asher and Novosad 2020), although Faber (2014)
suggests that the Chinese highway system negatively impacted local GDP in areas newly con-
nected to metropolitan centers. Across qualitative and quantitative studies, rural roads have
also been associated with improved access to public goods such as medical and education facil-
ities among potential beneficiaries (Porter 2002; Gage and Calixte 2007; Kanuganti et al. 2015;

Adukia, Asher and Novosad 2020). I contribute to these strands of literature by estimating the
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causal effects of rural road placement on last-mile delivery of public goods from the perspective
of the local bureaucracy. This is somewhat close to a descriptive study by Bryceson, Bradbury
and Bradbury (2008), who find that in the Ethiopian context, villages with better roads attract

better service infrastructure and staffing.

I also contribute to a second body of literature that focuses on conditions that can possibly
enhance a government’s performance at the local level. Existing literature focuses on fac-
tors such as workplace diversity (Rasul and Rogger 2015), performance-linked financial and
non-financial incentives (Muralidharan and Sundraraman 2011; Duflo, Hanna and Ryan 2012;
Ashraf, Bandiera and Kelsey Jack 2014), electoral accountability (Besley and Burgess 2002) and
formal and informal monitoring and oversight mechanisms (Tendler 1997; Davis 2004; Olken
2007; Tsai 2007; Bjorkman Nyqvist and Svensson 2009). To my knowledge, however, empiri-
cal evidence on the role of bureaucratic/state capacity is limited (Muralidharan, Niehaus and
Sukhtankar 2016; Bozcaga 2020). Muralidharan et al. (2016) is especially relevant, for by
means of a randomized controlled trial in the Indian state of Andhra Pradesh, they estimate
the treatment effects of enhanced state capacity by introducing a biometrically authenticated
payments infrastructure within the context of the same public works program (MGNREGA).
They find that access to such a system among beneficiaries makes payments more timely and
prone to less corruption. I contribute to this strand by approaching the issue of enhanced state

capacity (rural roads) from the perspective of the local bureaucracy.

2.3 Context

2.3.1 About MGNREGA (Outcome)

Approximately half of India’s total workforce depends on agriculture- a seasonal activity (The
World Bank 2020). At the same time, as of 2015-16, the ratio of gross irrigated area to the

total cropped area was less than 50%, making agriculture a risky proposition (Press Information
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Bureau 2020). Acknowledging this, in the year 2005, the federal government launched a rural
employment-based social insurance scheme (called MGNREGA, or the Mahatma Gandhi Na-
tional Guarantee Act), which entitles each rural household to 100 days of unskilled work every
year. Under this scheme, each household is issued a job card with each adult family member’s
name and relevant details (Figure . At any given point in time, any family member(s) can
go up to the local scheme coordinator (called the Gram Rozgar Sevak, or the GRS) and demand
work, which should be provided within a 15-day period. While the program is funded primarily
by the federal government, it is administered by respective state governments by means of local

government officials at the district, sub-district/block and Gram Panchayat (GP) 1evelm

Furthermore, the legislation states that beneficiary wages should be paid within 15 days of
work. As per the law’s provisions, if this deadline is not met, the State Government is obligated
to pay delay compensation to beneficiaries and later recover the amount from functionaries
responsible for the delay. Yet, payment delays have remained an impediment to the scheme’s
smooth implementation. For instance, after analyzing 9 million transactions across 10 states for
the financial year 2016-17, Narayanan et al. (2019) show that only 21% of all payments were
made on time, i.e. within the mandated 15-day period of work. They also find major flaws in

the calculation of delay compensation.

During the period FY 2014-15, the payment process was split into two broad componentsm
Stage 1 (which this paper focuses on) consists of all the on-field steps. While different states
might have had different operating procedures, a broad summary of the on-field steps is as
follows. Once beneficiaries submit their demand for MGNREGA work, official documentation

required to record beneficiaries’ attendance is generated through the official Management In-

19As shown in Figure each Indian state is divided into districts, which are, in turn, divided into sub-
districts/development blocks. Each sub-district/block has several Gram Panchayats (GPs). Each GP may
contain one or more villages. The GP is the smallest unit of administration for the purpose of MGNREGA.

20The payment process steps keep changing as procedures and facilities available to local officials change.
However, the mentioned steps were relevant to the period of this study, i.e. FY 2014-15.
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formation System (MIS). This usually happens at the sub-district/block office, which caters to
several GPs. Once this document is generated, beneficiaries work in and around their village
for a period of 1-2 weeks under the supervision of the GRS, after which an engineer is sup-
posed to visit the site to inspect the work done and calculate the group wage. Their assessment
is physically submitted to the sub-district/block office after approval from the local GP-level
elected representatives and another GP-level bureaucrat (called the Sachiv, or the Secretary).
Once the documents are sent to the sub-district/block office, they are processed and submitted
onto an online server for digital payment processing. After the completion of these steps, Stage
2 begins. During this phase, a state-level centralized system processes the uploaded documents
and transfers the due amount into the beneficiaries’ bank accounts. As noted during field visits,
all of the involved on-field officials receive a flat monthly salary and are unlikely to receive
any positive monetary incentives for good performance, although poor performance, whenever
noticed by senior officials, can elicit negative consequences such as show-cause notices and sus-
pension orders (Press Information Bureau 2011). Figure|12|summarizes time taken to complete
all steps of Stage 1 for all states in my sample during FY 2014—15@ As shown, despite the
stipulated time limit for the entire process (Steps 1 and 2) being 15 days, Step 1 for for only

26% of all transactions was completed within that interval.

Intuitively, construction of rural roads can augment state capacity by facilitating easier com-
mutes for government officials working in the field. For instance, while GRSs commute within
their assigned GPs (across villages and work sites), each engineer is assigned to multiple GPs,
which makes inter and intra-GP travel an important component of their work. Similarly, as
field experiences suggest, GRSs are also supposed to visit the local sub-district/block office
regularly for MIS-related tasks as well as in-person meetings regarding their performance and

administrative briefings. The GP-level bureaucrat (Sachiv) is also assigned to several GPs, and

21 As discussed later, due to phased implementation of online payments across different states, publicly available
data for other states for 2014-15 is not completely reliable.
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as mentioned above, their presence and signature/approval is important for payment process-
ing. In summary, better roads can ensure faster completion of these steps by ensuring easier

commutes for on-field officials.

In Stage 2, on the other hand, uploaded data is processed by centralized servers and payments
are credited into bank accounts. For a long period since the scheme’s inception (including my
study period), data regarding time taken to complete this stage is not available publicly. At the
same time, there seems to be much less scope for roads to impact timeliness of payments in this
stage, apart from making it easier for aggrieved beneficiaries to visit the district headquarters
(where most online transaction-related issues are resolved) for grievance redressal. Hence, I

focus on Stage 1 only.

2.3.2 About PMGSY (Treatment)

In December 2000, the then Indian Prime Minister inaugurated the Pradhan Mantri Gram
Sadak Yojana (PMGSY), a national rural roads scheme aimed at providing “good all-weather
road connectivity to unconnected” rural areas by means of paved roads. Officially, the aim of
the scheme is to connect unconnected habitations (smaller components of a village) that are
located at least 500 meters (0.3 mile) away from an all-weather road or another connected habi-
tation. As part of this scheme, these unconnected habitations are to be connected “to nearby
Habitations already connected by an All-weather road or to another existing All-weather road
so that services (educational, health, marketing facilities etc.), which are not available in the

unconnected Habitation, become available to the residents.”

In order to execute this scheme, three arbitrary population thresholds were decided. As per
guidelines, first priority is to be accorded to habitations (or hamlets) with over 1,000 people,

followed by those with 500-999 people and 250-499 people. However, the program’s guidelines
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also state that other qualitative factors may be considered while deciding an unconnected habi-
tation’s priority status. For instance, smaller villages can be prioritized if they are too close to
a village prioritized on the basis of a population cut-off point. Similarly, factors such as prox-
imity to local market, health facilities or local administrative headquarters, and suggestions
of local legislators are also considered before finalizing projects. Nevertheless, as discussed in
Section [2.4.2] one can identify causal effects of road construction even if the population-based

rules are partially followed.

2.4 Identification Strategy
2.4.1 Sample

After discussions with the National Rural Roads Development Agency, Asher and Novosad
(2020) found that owing to different reasons, PMGSY roads were constructed as per population
thresholds across six states: Chhattisgarh, Gujarat, Madhya Pradesh, Maharashtra, Odisha
and Rajasthan@ At the same time, digitization of the payment process under MGNREGA
happened in a phased manner across the country. After telephonic consultations with relevant
government officials at the National Informatics Center (NIC) at India’s Ministry of Rural De-
velopment, and officials in the MGNREGA departments of Madhya Pradesh and Gujarat, 1
found that of the six states mentioned in Asher and Novosad (2020), by FY 2014-15, four had

digitized their payment systems, thereby providing reliable data related to transactions.

The four states-Madhya Pradesh, Odisha, Gujarat and Rajasthan-are shown in Figure
and constitute the sample area for this paper. As per the Population Census of 2011, these

states make up for around 20% of the national population. Whereas over 70% of the population

in Madhya Pradesh (72.4%), Odisha (83.3%) and Rajasthan (75.1%) is rural, Gujarat is one

22 As per Asher and Novosad (2020), in other states such as those in southern India, owing to high development
of infrastructure, the scope of additional road placement was very limited. In other states with weaker state
capacity, such as Bihar, guidelines were not followed.
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of India’s more urbanized states with 57.4% rural population. During FY 2014-15, beneficiary
payments across these states accounted for roughly 20% of all beneficiary payments across India.
As shown in Figure during FY 2014-15, only 26% of all transactions across these states were
processed within 15 days, whereas 31% were processed within the 16-30 day interval. Another
23% of all transactions were processed within 31-60 days while the remaining (roughly) 20%

were equally distributed between the remaining two intervals: 61-90 days and more than 90 days.

Further, in Figure and Figure I show the distribution of ratio of villages connected
by PMGSY roads across GPs in these states (as of March 31, 2014), and the ratio of villages
connected by any concrete road by the year 2009@ By March 31, 2014, over 50% of GPs had
no PMGSY roads, whereas in around 20% of GPs, all villages were connected. On average,
approximately one in three villages in each GP was connected by a road, although this number
rises to 70% when one considers a broader definition of road connectivity, i.e. any kind of
concrete road. As Asher and Novosad (2020) mention, during their consultations with officials
at the National Rural Roads Development Agency, they found out that while Madhya Pradesh
adhered to the 500 and 1,000 thresholds, the remaining three states adhered to only one of
the cut-off points, i.e. 500. Hence, while for Madhya Pradesh, I consider both the relevant

thresholds (500 and 1,000), I only use the 500 threshold for the remaining three states.

2.4.2 Identification Strategy

With cross-sectional data for a given financial year, the ideal OLS specification at the habitation

level (the level at which road placement is decided) is shown in Equation ().

ZThese graphs represents 35.6 thousand of the 57.8 thousand GPs across the four states (62%). These GPs
comprise the unrestricted sample, which I use to create the final sample for my IV estimation strategy. I drop
the remaining 38% GPs due to absence of string matches across the different datasets that I use to compile the
final dataset.
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Average PaymentTimeyp = n+ Y PMGSY), + ¢ Xp, + my, (4)

The outcome variable, AveragePaymentT'imey,, represents the average time taken to complete
Stage 1 of the payment process in habitation h. In a simple OLS specification, this is explained
by a binary variable PMGSY}, that equals 1 if the habitation is connected by a PMGSY road,
along with habitation-level controls (X}3). In this case, ¥ will be the treatment effect and a
negative sign on 1 will indicate better last-mile delivery due to road connectivity. However,
this strategy faces several challenges. Omitted variable bias is one of them. For instance, if
roads are built in areas with higher levels of civic awareness, the latter may also influence
timeliness of beneficiary payments. Hence, if roads do reduce payment processing time, the
negative impact will be over estimated. Similarly, politicians may lobby for roads in areas with
traditionally marginalized sections such as lower caste households. Despite road construction,
the latter may face the apathy of the local bureaucracy. In such a scenario, the negative impact
of road construction on payment processing time may be under estimated. I, therefore, turn
to an instrumental variable strategy for estimation of treatment effects. In addition, publicly
available data on payment delays under MGNREGA is available at the Gram Panchayat (GP)
level, which is much coarser, for a GP may contain one or more villages, which, in turn, may
contain one or more habitations. As a result, I use a modified version of the fuzzy RD setup as

my benchmark empirical specification (Bhalotra and Clots-Figueras 2014).

As discussed above, under PMGSY, population thresholds are used to determine a habita-
tion’s eligibility to receive a road. Within a narrow bandwidth around these cut-off points,
a habitation may be deemed as “just eligible” or “just ineligible”. Within a limited geogra-
phy, habitations with populations just above (treatment) and just below (control) the cut-off

points should be similar, which makes the placement of a PMGSY road in a just eligible habi-

63



tation an exogenous process, especially because the eligibility criteria refer to population data
from 2001 and the outcome variable comes from the period FY 2014-15. However, Asher and
Novosad (2020) note that habitation population numbers seem to be manipulated around the
cut-off points in PMGSY’s internal data records, which is also visible around the 250, 500 and
1,000 marks in Figure Hence, like Asher and Novosad (2020), I use village-level population
data from the Population Census of 2001 (and not the individual habitation population from
PMGSY records) to determine eligibility. As Figure shows, unlike in Figure there is
no visible bunching for village-level population around these cut-off points. This ensures that
villages that received roads despite ineligibility (and vice versa) due to manipulation are treated

as non-compliers.

Usage of population data at the village level (instead of the habitation level, the intended
unit of treatment) is not problematic for at least two reasons. Of all the villages in the states
that I consider in my sample, more than 70% villages are made up of a single habitation, which
effectively means that the habitation is the same as the village. At the same time, under the
rules of the scheme, populations of neighboring habitations (within a radius of 500 meters) in a
village can be clubbed in order to determine the area’s overall eligibility. Therefore, treatment
at the village level (i.e. PMGSY connection) is defined as the provision of PMGSY connectivity
to at least one habitation in the village (before F'Y 2014—15)@ In case more than one habitaton
is connected, following Asher and Novosad (2020), I use the earliest PMGSY road as the date

of treatment.

As mentioned above, within a narrow bandwidth around the population cut-off points, treat-
ment status of villages just eligible and just ineligible is exogenous. I exploit this exogeneity to

predict the total proportion of villages connected by PMGSY roads in a GP. To the extent that I

24In Appendix [B.6] I show that my main results do not change if I restrict my sample to those GPs where all
villages have only one habitation.
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use such close cases to predict the overall proportion of PMGSY-connected villages, this empir-
ical design is somewhat similar to that used by Bhalotra and Clots-Figueras (2014). However,
while Bhalotra and Clots-Figueras (2014) control for a third-order polynomial of the running
variable to estimate treatment effects, following the recommendations of Imbens and Lemieux
(2008), and Gelman and Imbens (2019), I use the running variable’s (village population from

2001) first order polynomial. Equation and Equation @ characterize my empirical strategy.

First Stage:

PMGSY Coveragegnpp2014= 6 + kZgnpp2001 + TJgmpp2oor + Op + 15 + Vgwp (5)

Second Stage:

Y, gnbD,2014—15 = a7 + B PMGSY _Coveragegnpp 2014 + VrJgnbp,2001 + Ar,p + by pt

€r,gnbD (6)

In the first stage (Equation (f])), I predict the fraction of villages in a GP g (with a total of n
villages in district D) connected by a PMGSY road (as of the beginning of FY 2014-15) using
the number of villages just eligible under the PMGSY scheme (as determined on the basis of
population in 2001), i.e. Zgan72001E Owing to aggregation from the habitation/village level
(where the discontinuity is relevant) up to the GP level in the final specification, I am not able
to use a suitable data-driven technique to find the optimal bandwidth. I, therefore, begin with
a narrow bandwidth of +/- 50 people around the cut-off point and then conduct robustness
checks with different bandwidths. As a result, in the main specification, just eligible villages

are those with population between 500 and 550. Additionally, in the case of Madhya Pradesh,

25The subscript b is representative of GP ¢’s composition in terms of total number of villages within the
benchmark bandwidths (i.e., both just eligible and just ineligible villages on either side of the cut-off points),
which I explain in Appendix
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villages with population between 1,000 and 1,050 are also considered as just eligible. Similarly,
just ineligible villages are defined as those with populations between 450 and 500 (for all states

in sample), and 950 and 1,000 (for Madhya Pradesh only).

Next, I use the predicted values for PMGSY _Coveragegnyp,2014 from the first stage and es-
timate Equation @ The format of the outcome variable (Y gn6p 2014—15) is such that I have
the number of transactions and amount for which Stage-1 (field work plus data upload from
the field) was completed within the following time periods (7) during FY 2014-15: a) 15 days,
b) 16-30 days, c¢) 31-60 days, d) 61-90 days and e) more than 90 days. I, therefore, estimate

Equation @ for each of the aforementioned values of 7.

In both the specifications, apart from the total number of villages in the GP, I control for
a rich set of GP-level baseline covariates from the year 2001 in order to control for any possi-
ble selection on observables (Jynpp, 2001, €xplained in Section and Appendix . I also
control for district fixed effects (6p and A, p in Equation and Equation @ respectively) in
order to capture heterogeneity in governance levels across different areas@ In addition, in order
to control for the effects (if any) of the total number of villages within the bandwidth (either
side), as explained in Appendix I control for fixed effects related to the overall number
of villages within the bandwidth (7, and h,} in Equation and Equation @ respectively).
For instance, these fixed effects will distinguish between GPs with 2 villages within the overall
450-550 bandwidth and those with 3 villages within the overall 450-550 bandwidth. In the case
of Madhya Pradesh, these will also control for any potential effects related to the two different

cut-off points being used.

26Tn Section instead of district fixed effects, I control for sub-district fixed effects, and find that results
remain robust. This is relevant, for officials at both the district and sub-district/block levels are responsible for
the implementation of PMGSY and MGNREGA at the local level.
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2.4.3 Data

Table [§] lists all the data sources used in the analysis@ Asher and Novosad (2020) scraped
PMGSY roads data at the level of habitation/hamlet from the scheme’s official website (until
January 2015). Because the roads dataset does not contain the name of the GP, I obtained the
GP-village mapping data from the Government of India’s Local Government Directory@ @ I
scraped data on MGNREGA payment processing for FY 2014-15 from the MGNREGA website.
As shown in Figure Stage 1 for only 26% of transactions across these states was completed
within the stipulated 15 days. Within the sample, there is notable heterogeneity (Figure .
In Gujarat, for instance, for 45% of transactions, Stage 1 was completed within 15 days. In

Madhya Pradesh, on the other hand, this ratio is much lower, i.e. around 16%.

I merged the MGNREGA and PMGSY data with datasets containing socio-economic variables
obtained from the SHRUG (Socioeconomic High-resolution Rural-Urban Geographic Dataset
for India) Database (Asher and Novosad 2019), which is effectively a compilation of different
official datasets (population census, economic census, election results, etc.) related to India.
In the benchmark specification, I control for the following baseline covariates from 2001: ac-
cess to road pre-2001, access to power, access to bank, access to communication, access to
medical facilities, access to primary school, distance to nearest town, night light luminosity
(square root), proportion of scheduled caste/scheduled tribe population, proportion of illiterate
population and ratio of irrigated land to the total farmed land. However, SHRUG provides
this data at the village-level, whereas my unit of analysis is a GP, which may contain more

than one village. Therefore, for all covariates, I calculated a weighted average of village-level

2"Definitions of all variables can be found in Appendix

28Given my identification strategy, in my final sample, I use only those GPs for which the following two
conditions are satisfied: a) MGNREGA take up for FY 2014-15 was non-zero, b) Data for PMGSY and other
controls is available for each of the villages in the GP.

Due to the absence of unique numerical identifiers at the GP level across the GP-Village mapping, PMGSY
and MGNREGA datasets, I used fuzzy string matching. In order to ensure high levels of efficiency, I create mini
datasets for each block and merged them with similar block-level mini datasets in order to ensure that the fuzzy
merge score comes from the GP name only.
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values. For all covariates apart from the ratio of irrigated land to the total farmed land, a
village’s baseline population (2001) was used as its Weightﬂ For the ratio of irrigated to total
farmed land, a village’s farmed land area was used as its weight. Finally, for heterogeneity
analysis, I obtained data on distance between villages and sub-district headquarters from the

2011 Population Census.
2.5 Main Results

2.5.1 OLS Results

I begin with a naive OLS regression analysis for all GPs for which data is available across the
four states in sample. I estimate Equation , where the variables and notations are the same

as explained in Section 2:4.2] The coefficient of interest is p;.

Yrgp2014—15 = wr + purPMGSY Coverageypooia + prdgpooor + (0 + Srgp  (7)

The results, as reported in Table [9] and Table suggest that as the ratio of villages with
PMGSY coverage rises in a GP, the average time to process Stage 1 does not seem to change in
any economically significant manner. As explained in Section there are reasons to believe

that these results may be biased, and that the direction of the bias is indeterminate.

2.5.2 1V Strategy: First Stage and Placebo Checks

Strength and Relevance
Before showing estimates of causal effects, I test the strength and relevance of my instrument

by estimating Equation , i.e. the first stage. For the same, I regress the ratio of PMGSY-

30For night light luminosity, I calculate the square root of the weighted average.
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connected villages in a GP on the number of villages in that GP that are just eligible for
PMGSY road construction. I define just eligible villages as those with population within the
range of 500-550 people. In addition, for Madhya Pradesh, I also consider villages with pop-
ulation in the range of 1000-1050 within this category. While doing so, I control for the total
number of villages in the GP and baseline (2001) GP-level covariates as well as fixed effects for

district and composition of the total number of villages within the bandwidth (as explained in

Appendix [B.2]).

As shown in Table robust to inclusion of controls and fixed effects, the coefficient on the
instrument, the number of just eligible villages, is statistically significant and is in the range
of 3.0% to 5.8%. Given that the control mean (i.e. ratio of villages with PMGSY in GPs
with no such just eligible villages) equals 29.8%, this implies that an additional just eligible
road increases the coverage ratio by 10-19.5%. The F-statistic for the instrument also remains
comfortably above the commonly used benchmark of 10 as well as the Stock-Yogo 10% critical

value of 16.38 1

Placebo Checks and Validity

In this section, I confirm the validity of the empirical strategy by running some placebo checks.
If the strategy is valid, then the instrument should not impact any pre-determined outcomes,
i.e. those before 2001. In Table 40| (Appendix , I report estimates for the coefficient on the
instrument, using each of the 2001 baseline covariates as outcome variables (while controlling
for the others). As shown, the instrument is not correlated with any of the pre-determined out-

comes, which could potentially impact payment delays under MGNREGA (the main outcome)@

31Lee et al. (2022) mention that the commonly used practice of comparing the first stage F-statistic against
the rule-of-thumb threshold of 10 may lead to the construction of misleading confidence intervals. In Section|2.5.3]
I address this concern.

32In the entire paper, SC/ST referes to Scheduled Castes and Scheduled Tribes, i.e., socio-economically vul-
nerable groups as identified by the Government of India.
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In addition, to my knowledge, no other national-level program targets villages using these
cut-off points at the habitation/village level. Spears (2012) suggests that under the Total San-
itation Program (TSC) (a national-level program), there are different incentive structures for
GPs above and below the 1000 threshold (which I use only in the case of Madhya Pradesh) for
achieving sanitation targets. Ideally, this should not have been an issue, for sanitation levels
should in no way affect bureaucratic efficacy. However, beginning 2011, the Government of India
allowed convergance of TSC and MGNREGA, i.e. sanitation works could be completed under
the umbrella of MGNREGA. In that case, given the discontinuity at 1,000, there could be a sce-
nario where GPs with population above 1,000 and below 1,000 people may be exerting different
levels of pressure with regard to timely inspections so that they become eligible for incentives
under TSC. However, TSC guidelines are implemented at the GP level, whereas PMGSY guide-
lines are implemented at the habitation/village level. Hence, any overlap in the implementation
of TSC and PMGSY guidelines should occur in GPs with only one village. In my final sample,
only 4% of GPs contain a single village. Furthermore, in Table (Appendix, I run another
set of placebo checks using the two stage least squares (2SLS) strategy. I find no causal effects

of PMGSY roads on baseline covariates.

2.5.3 1V Strategy: 2SLS Results

In Table and Table I report results of the benchmark two stage least squares empirical
strategy using the first stage specification from column (4) of Table i.e. including baseline
GP-level controls and fixed effects. In accordance with Andrews, Stock and Sun (2018), apart
from the Kleibergen-Paap F-statistic and the Cragg-Donald F-statistic, I also report the Effec-
tive F-statistic. Across the three statistics, the values are comfortably above the benchmark

value of ten, as well as the Stock-Yogo 10% critical value of 16.38.

Results from Column (2) in Table suggest that on average, in a GP that contains only
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just eligible villages, 100% PMGSY road coverage leads to an increase of 12.8 percentage points
in the ratio of transactions processed within the 16-30 day interval. This result is significant
at the 10% level. At the same time, results from Column (3) suggest that 100% road coverage
leads to a reduction of 12.4 percentage points in the ratio of transactions processed within the
31-60 day interval. This result is also significant at the 10% level. In addition, while point
estimates from Columns (1) and (5) suggest a similar trend-roads lead to fewer transactions be-

ing processed beyond the 60-day mark-they are not statistically significant at conventional levels.

In Table I show the impact of road connectivity on the proportion of transactions processed
within different time periods. Similarly, in Table I show these effects on the proportion
of total amount processed within the same time periods. Both sets of results are consistent
with each other. Point estimates in Table [[3] suggest that the proportion of amount processed
beyond the 30-day mark declines in treated villages and that these amounts are now processed
within the 0-30 day time window. However, as Columns (2) and (3) suggest, effects are sig-
nificant only for the 16-30 and 31-60 day time periods. As per these results, in treated GPs,
the percentage of amount processed within the 31-60 day interval declines by 14.4 percentage
points and that processed within the 16-30 day interval rises by 15.3 percentage points. Cu-
mulatively, this implies that while in control villages, 54% of the amount is processed within
the 30-day window, treating the effect on the 15-day margin in Column (1) as null, in treated
villages, this proportion rises to 69.3%. Across GPs in my sample, on average, a total of 1185
transactions worth USD 17,684 were processed during the financial year 2014-15. Statistically
significant point estimates shown in Table [I2] and Table [I3] therefore, suggest that on average,
100% PMGSY road coverage among just eligible villages would have led to quicker processing

of transactions worth USD 2,193-2,705 during the financial yearﬁ

331 USD=INR 61 (approximate average figure for 2014-15)
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Lee et al. (2022) suggest that construction of confidence intervals following a satisfactory
comparison of the first stage F-statistic against the rule-of-thumb threshold of 10 may lead to
incorrect conclusions. As an alternative, they provide a method (the ¢tF procedure) to adjust the
t-statistic based on the first stage F-statistic. In Table [12| and Table I show 95% confidence
intervals calculated using the tF procedure. For estimates that are conventionally significant
at the 5% and 10% levels, the tF-adjusted 95% confidence intervals either do not span zero or

do so marginally.

2.6 Robustness Checks

In this section, I conduct robustness checks. I begin with falsification tests using arbitrary
thresholds in the first stage. Using the actual thresholds (500 and 1,000), I then vary the
size of the bandwidth. I also change the endogenous regressor to the proportion of a GP’s
population (instead of villages) connected by PMGSY roads. Finally, I estimate the benchmark
specification using a different and more broadly defined endogenous regressor (all paved roads)

from a different data source (Population Census 2011).

2.6.1 Different Cut-Off Points

In Table I test the validity of the first stage estimates obtained around the 500 and 1,000
population thresholds. I use some placebo cut-off points around these two thresholds and run
the specification used in column (4) of Table i.e. first stage with GP-level baseline covari-
ates and fixed effects. Estimates in Table [14] suggest that there is no such jump at any of these

placebo thresholds.
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2.6.2 Different Bandwidths

In my benchmark specification, I use an arbitrary bandwidth of +/-50 around the population
thresholds. I test for the robustness of these results using different bandwidths. As shown
in Appendix for all the outcome variables, the estimates are statistically indistinguish-
able across alternate bandwidths (4/-30, 40, 60 and 70). Specifically, for the 16-30 and 31-60
day margins, as the size of the bandwidth increases, point estimates shrink in magnitude. A
plausible explanation for stronger effects within narrower bandwidths could be their localized
nature. I compare compliers on both sides, i.e. areas where roads are provided even if they
are just eligible and those where roads are not provided even if they are just ineligible. As the
bandwidth shrinks, compliance on either side implies higher adherence to administrative rules
in both control and treatment areas. It is possible that treatment effects of rural roads are

witnessed more strongly in such villages.

2.6.3 Variation in Endogenous Regressor

In the benchmark specification, the endogenous regressor is the ratio of villages in a GP con-
nected by a PMGSY road. I re-estimate the benchmark specification using the ratio of a GP’s
population connected by a PMGSY road as the endogenous regressor. This is relevant, for
in addition to the ratio of connected villages in a GP, potential improvements in bureaucratic
efficacy my also be a function of the proportion of people in the GP who can access roads.
The results for all outcome variables, as shown in Figure and Figure are statistically

indistinguishable from the benchmark estimates.
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2.6.4 Different Data Source

Finally, following Aggarwal (2018), I expand the scope of the endogenous regressor. Using Cen-
sus data from 2011, I use an indicator variable that equals 1 for any paved road in a village
(PMGSY or no PMGSY). Apart from the endogenous regressor, everything else remains the
same as in the benchmark specification. The specification with this new endogenous regressor
uses approximately 13% fewer observations (approximately 825 observations) when compared
to the benchmark case owing to concerns regarding data quality. While the Census was released
in 2011, the reference date of data collection is 2009. When I compare the two variables, i.e.
PMGSY coverage and paved road coverage by the end of 2009, for approximately 825 GPs, 1
find that PMGSY coverage is higher than paved road (PMGSY and non-PMGSY) coverage.
I drop these problematic observations for this new endogenous regressor. For the purpose of
comparison with the benchmark case, I look at estimates with and without these “bad” data
points using the original endogenous regressor. As Figure 21] and Figure 22| suggest, the results

are statistically indistinguishable for all outcome variables across the three speciﬁcationsﬂ

2.7 Potential Mechanisms

Headline results suggest that construction of rural roads led to quicker beneficiary payments
under MGNREGA. The original hypothesis was that construction of rural roads implies higher
state capacity, which can be leveraged by on-field functionaries to quicken the payment process.
On-field bureaucrats involved in Stage 1 are usually stationed in and around their assigned GPs
and are frequently on the move. Hence, if rural roads lead to quicker payments due to easier
on-field movement for these bureaucrats, one should expect treatment effects to be spread out

evenly across all kinds of treated GPs.

31Results for >90 days omitted to avoid overcrowding in the graphs, although they remain robust.
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However, as shown in Figure and Figure sub-sample analysis suggests that treatment
effects vary with a treated GP’s distance to its sub-district headquartersﬁ After dividing the
sample into tertiles based on GPs’ distance to their sub-district headquarters, I find that head-
line treatment effects are driven by GPs farther away from the headquarters. In fact, rural

roads lead to slower payment processing in areas close to the latter.

Simple OLS regression of quality of PMGSY roads on the GP’s distance to sub-district head-
quarters suggests that differential quality of roads does not explain this result (Appendix .
Another possible explanation may arise from Asher and Novosad (2020), who suggest that rural
roads provide better access to neighboring labor markets, facilitating movement of rural labor
out of agriculture. This effect can potentially dampen the demand for MGNREGA, thereby re-
ducing officials’ workload, which may lead to faster payments in the area. I, therefore, estimate
the effect of road construction on total MGNREGA transactions for the entire sample, as well
as for the three tertiles separately. For this purpose, I use a modified version of the benchmark
specification, replacing district fixed effects with sub-district fixed effects. In Appendix 1
show that although imprecisely estimated, roads lead to an increase in MGNREGA transactions
across all tertiles. The non-negative estimates are not entirely surprising. Given the nature of
rural society in India, working age men are the likeliest candidates in a household to move out
of villages for non-farm work (Asher and Novosad 2020). Nevertheless, given that each house-
hold is entitled to 100 days of work every year, women and older men can take up MGNREGA
work. At the same time, if one were to take the positive point estimates seriously, a possible
explanation is that the expectation of more efficient administration of the scheme may have

encouraged more workers to demand MGNREGA work.

35Results in Figure [23| and Figure [24] are obtained by using a variation of the benchmark specification, where
instead of district fixed effects, I control for sub-district fixed effects.
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Hence, while I don’t have definite causal evidence to explain this spatial heterogeneity in treat-
ment effects, I offer a justification based on existing literature and some descriptive evidence.
Asher et al. (2018) find that areas far away from local government headquarters witness lower
provision of public goods due to higher costs of monitoring by higher officials. Unfortunately,
there is no public data available on the frequency of random audits conducted by senior offi-
cials in the context of MGNREGA. However, consistent with Asher et al. (2018), across GPs
in the control group in my sample, I observe that proportion of transactions processed within
the 30-day interval decreases and the proportion of those processed beyond the 30-day interval
increases in the distance to sub-district headquarters (Figure and Figure . It is, there-
fore, likely that at least for GPs in tertiles 2 and 3, improved road connectivity enhances state
capacity at two levels: operational for on-field functionaries and monitoring for officials at the
sub-district level. For GPs in tertile 1, on the other hand, improvement in monitoring capacity

may be less important.

It is relevant to note that in general, on-field bureaucrats are not incentivized by performance-
linked incentives, but may be influenced by the fear of punishment if they are seen to be
performing poorly by higher officials at the district/sub-district level. The latter, on the other
hand, need to ensure smooth implementation of schemes like MGNREGA to climb up the ad-
ministrative hierarchy. Hence, whereas bureaucrats involved with monitoring have the incentive
to ensure higher efficiency across all areas under their jurisdiction, on-field bureaucrats may be
motivated to work more efficiently in areas where higher officials are expected to focus more.
Improved efficacy due to rural roads in tertiles 2 and 3 may, therefore, be a result of increased
focus of higher officials who are now able to access those areas with greater ease. As a result,
on-field bureaucrats may leverage better roads to focus in these areas. Admittedly, results from

tertile-1 are puzzling, and while there may be some speculative explanations, it is better to
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explore them within the realm of a separate research questionﬁ

2.8 Conclusion

Countries across the world deploy social safety nets and administer welfare schemes aimed at
provision of public goods. However, across resource-constrained environments, last mile delivery
of these schemes remains a challenge. Performance of the local bureaucracy is an important
determinant of timely delivery of these services. Existing literature explores the role of incen-
tives, diversity, and oversight and monitoring mechanisms as factors influencing bureaucratic
performance. Nevertheless, across developing countries, factors related to state capacity such

as inadequate salaries and lack of infrastructure can also impede their efficacy.

In this paper, I identify the impact of improved state capacity, as measured by newly built
rural roads, on the performance of on-field bureaucrats in the context of a national public
works scheme. During the period of my study, on-field officials associated with the latter had to
commute frequently to ensure coordination in order to process payments for beneficiaries. Using
village-level data on two national-level rural welfare schemes from four Indian states, I assess
the causal effect of better road infrastructure on time taken to complete on-field administrative
steps. I overcome the challenge of endogeneity of road placement by using an IV strategy in-
spired by the fuzzy RD design (Bhalotra and Clots-Figueras 2014). Specifically, I exploit the
fact that under the said national rural road construction program, arbitrary population-based
thresholds were implemented to prioritize road construction across villages. I find that, on
average, construction of rural roads leads to a reduction in the average time taken to complete
on-field steps. Depending on the outcome variable, the treatment effect is in the range of 47-

60% of the control mean. On average, these effects imply quicker processing of annual payments

36For instance, owing to their proximity to sub-district headquarters, beneficiaries in tertile-1 may access
nearby labor markets with greater ease (Asher and Novosad 2020). While demand for MGNREGA does not
seem to reduce in these areas, it is possible that beneficiaries are not too concerned about delayed payments.
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worth USD 2,193-2,705 in an area with total annual beneficiary payments worth USD 17,684.
These effects are robust to several changes in the benchmark empirical specification and the

usage of different data sources for the endogenous regressor.

Further, I find that treatment effects vary by distance to local government (sub-district) head-
quarters and are driven by areas farther away from the latter. This rules out the possibility
of a general improvement in the performance of on-field bureaucrats due to enhanced state
capacity. Evidence suggests that this spatial heterogeneity is not caused by lower take-up of the
public works scheme due to out-migration caused by road construction. Neither is the quality
of roads built in these areas any different from the rest of the sub-district. Hence, although sug-

gestive, I offer an explanation based on enhanced monitoring capacity as a potential mechanism.

Existing literature (Asher et al. 2018) and suggestive evidence from MGNREGA show that high
cost of transportation may impede adequate monitoring of government programs in areas far
away from local government headquarters. Therefore, introduction of rural roads in such remote
areas may lead to more frequent audits by officials at the sub-district level, who are motivated by
the possibility of promotion and have an incentive to perform well across all areas within their
jurisdiction. On-field bureaucrats, on the other hand, seldom receive any performance-linked
incentives, but fear punishment if such senior officials deem their performance as unsatisfactory.
Given these facts, due to additional fear of negative incentives, on-field officials in remote vil-
lages may be leveraging newly constructed roads more effectively. Generally speaking, results
from this paper suggest that in the absence of appropriate incentives, enhanced state capac-
ity may not result in improved bureaucratic performance by itself. This conclusion may have
important implications for policymakers involved in augmenting bureaucratic capacity through

capital investments.
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2.9 Chapter 2: Tables

DATA

LEVEL

DATA SOURCE

PMGSY Roads

MGNREGA Payment Delays

Baseline Controls

GP Village Mapping

GP-Sub-District Distance

All Paved Roads (2011)

Habitation

Gram Panchayat

Village

Gram Panchayat

Village

Village

Asher and Novosad (2020)

MGNREGA Website

SHRUG Database

Local Government Directory

Population Census 2011

Population Census 2011

Table 8: Data Sources
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Table 9: Naive OLS Regression Analysis (Outcome: Ratio of Transactions Processed during FY 2014-15)

1 ) 3) (4) (&)
Processed Within Processed Within Processed Within Processed Within Processed After
15 Days 16-30 Days 31-60 Days 61-90 Days 90 Days
Ratio of PMGSY-Connected Villages -0.006* -0.005 0.004 0.002 0.004
(0.003) (0.003) (0.003) (0.002) (0.003)
Control Mean (No PMGSY Roads) .34 .27 21 .09 .09
N 28811 28811 28811 28811 28811

Robust Standard errors in parentheses

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

All specifications control for number of villages in GP and district fixed effects. All specifications also control for baseline GP-level variables (2001), which include
population literacy levels, proportion of irrigated land, proportion of SC/ST population and weighted averages of village-level indicators such as banking, medical and

educational facilities, night lights, access to power, road access pre-2001 and distance to nearest town with village population being used as weights.
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Table 10: Naive OLS Regression Analysis (Outcome: Ratio of Amount Processed during FY 2014-15)

1 ) 3) (4) (&)
Processed Within Processed Within Processed Within Processed Within Processed After
15 Days 16-30 Days 31-60 Days 61-90 Days 90 Days
Ratio of PMGSY-Connected Villages -0.005 -0.005 0.004 0.002 0.003
(0.003) (0.003) (0.003) (0.002) (0.003)
Control Mean (No PMGSY Roads) .34 .27 21 .09 .09
N 28797 28797 28797 28797 28797

Robust Standard errors in parentheses

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

All specifications control for number of villages in GP and district fixed effects. All specifications also control for baseline GP-level variables (2001), which include
population literacy levels, proportion of irrigated land, proportion of SC/ST population and weighted averages of village-level indicators such as banking, medical and

educational facilities, night lights, access to power, road access pre-2001 and distance to nearest town with village population being used as weights.
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Table 11: First Stage: Ratio of Connected Villages in GP Instrumented by Number of Just Eligible Villages
Within Bandwidth (+/-50)

(1) (2) ®3) (4)

GP-Level Controls
No Controls Controls Fixed Effects  +Fixed Effects

No. of Just Eligible Villages (BW=50) 0.030%** 0.045%** 0.055%** 0.058%**
(0.007) (0.006) (0.007) (0.007)

F-Stat 20.2 51.32 66.05 78.07

N 6542 6445 6542 6445

Robust standard errors in parentheses

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

Sample includes Rajasthan, Gujarat, Odisha and Madhya Pradesh. Outcome variable is the overall ratio of villages in
the GP connected by roads under PMGSY by March 31, 2014. Controls include number of villages. Baseline GP-level
controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and
weighted averages of village-level indicators such as banking and educational facilities, night lights, access to power,
road access pre-2001 and distance to nearest town with village population being used as weights. Fixed effects imply

fixed effects for districts and composition of number of villages within the bandwidth (on either side).
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Table 12: 2SLS Estimates with Number of Just Eligible Villages Within Bandwidth as IV (Bandwidth=50)

(1) (2) ®3) (4) (5)

Ratio of Ratio of Ratio of Ratio of Ratio of
Transactions Within =~ Transactions  Transactions  Transactions  Transactions

15 days 16-30 days 31-60 days 61-90 days >90 days
PMGSY Village Coverage 0.022 0.128* -0.124* 0.008 -0.035

(0.077) (0.070) (0.071) (0.048) (0.065)
Control Mean .27 .27 24 1 12
Kleibergen-Paap F-Stat 78.07 78.07 78.07 78.07 78.07
Cragg-Donald F-Stat 75.40 75.40 75.40 75.40 75.40
Effective F-Stat 78.07 78.07 78.07 78.07 78.07
tF-Adjusted 95% CI (-0.13, 0.17) (-0.01, 0.27) (-0.27, 0.01) (-0.09, 0.10) (-0.16, 0.09)
N 6445 6445 6445 6445 6445

Robust standard errors in parentheses

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

Sample includes Rajasthan, Gujarat, Odisha and Madhya Pradesh. Outcome variable is the percentage of transactions processed
within given time periods. Controls include number of villages, and fixed effects for districts and composition of number of villages
within the bandwidth (on either side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated
land, proportion of SC/ST population and weighted averages of village-level indicators such as banking and educational facilities,

night lights, road access pre-2001 and distance to nearest town with village population being used as weights.
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Table 13: 2SLS Estimates with Number of Just Eligible Villages Within Bandwidth as IV (Bandwidth=>50)

(1) 2 ®3) (4) (5)

Ratio of Ratio of Ratio of Ratio of Ratio of
Amount Processed Within ~ Amount Processed ~ Amount Processed ~ Amount Processed ~ Amount Processed

15 days 16-30 days 31-60 days 61-90 days >90 days
PMGSY Village Coverage 0.024 0.153** -0.144* 0.001 -0.036

(0.078) (0.071) (0.071) (0.048) (0.065)
Control Mean 27 27 24 1 12
Kleibergen-Paap F-Stat 78.32 78.32 78.32 78.32 78.32
Cragg-Donald F-Stat 75.64 75.64 75.64 75.64 75.64
Effective F-Stat 78.32 78.32 78.32 78.32 78.32
tF-Adjusted 95% CI (-0.13, 0.18) (0.01, 0.29) (-0.29, -0.00) (-0.10, 0.10) (-0.17, 0.09)
N 6444 6444 6444 6444 6444

Robust standard errors in parentheses

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

Sample includes Rajasthan, Gujarat, Odisha and Madhya Pradesh. Outcome variable is the percentage of amount processed within given time periods. Controls
include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either side). Baseline GP-level controls
(2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and weighted averages of village-level indicators such as

banking and educational facilities, night lights, road access pre-2001 and distance to nearest town with village population being used as weights.
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Table 14: First Stage: Robustness Checks with Different Cut-Off Values (BW=50)

(1) (2) ®3) (4)

No. of Just Eligible Villages -0.000 -0.003 -0.000 -0.006

(0.006)  (0.006)  (0.007) (0.007)

F-Stat 0 .32 0 .76
Thresholds 400, 900 450, 950 550, 1050 600, 1100
N 7395 vy 6970 6711

Robust Standard errors in parentheses

*p<0.10, **¥p<0.05, ***p<0.01

Outcome variable is the ratio of villages covered under PMGSY by March 31, 2014. Con-
trols include number of villages, and fixed effects for districts and composition of number
of villages within the bandwidth (on either side). Baseline GP-level controls (2001) include
population literacy levels, proportion of irrigated land, proportion of SC/ST population
and weighted averages of village-level indicators such as banking, medical and educational
facilities, night lights, access to power, road access pre-2001 and distance to nearest town

with village population being used as weights.
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2.10 Chapter 2: Figures

MAHATMA GANDHI NATIONAL RURAL EMPLOYMENT GUARANTEE ACT

Tob card No.: MP-46-003-002-001/1 Family Id:
[Name of Head of Household: F »
Category SC

Date of Registration: 4/1/2007

[Address

Villages:
Panchayat:

Block: JAITHARI

District: ANUPPUR(HH TSI )

8 YES 2
S.No Name of Applicant Age Bank/Postoffice

1 Female 45 State Bank of India

2 Male 18 Central Bank Of India

3 Female 28 State Bank of India

Figure 10: Sample MGNREGA Job Card
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LEVEL OF OUTCOME
VARIABLE

STATE

DIVIDED INTO

DISTRICTS

DIVIDED INTO

Y

SUB-
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TREATMENT STATUS

MAY HAVE ONE OR MORE

VILLAGE(S)

MAY HAVE ONE OR MORE

Y

HABITATION(S)

Figure 11: Administrative Hierarchy in India
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Proportion of Transactions

COMPLETION OF STAGE-1 OF TRANSACTIONS
UNDER MGNREGA (FY 2014-15)

For States in Sample
31

I -90 days

B <-15days [0 16-30 days [ 31-60 days [ 61-90 days

Note: Weighted average calculated with total transactions as weights.

Figure 12: Time taken to complete Stage-1 during FY 2014-15
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Figure 13: Sample States: Map of India
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RATIO OF PMGSY CONNECTED VILLAGES IN GP
By March 31 2014 across Sample States

Percent
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Ratio of PMGSY Connected Villages in GP

Red line shows the mean.

Figure 14: Histogram: Ratio of Villages connected by PMGSY road in GP
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RATIO OF VILLAGES WITH ANY ROAD IN GP
By 2009 across Sample States
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20
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0
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Ratio of Villages with Raod Connectivity in GP
Red line shows the mean.

Figure 15: Histogram: Ratio of Villages connected by any road in GP

91



HABITATION POPULATION DISTRIBUTION

For all habitations below 2000 people in Sample States

.003

.002

Density

.001

200 400 600 800 1000 1200 1400 1600 1800 2000
Habitation Population

Figure 16: Checking for Manipulation: Distribution of Habitation Population
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VILLAGE POPULATION DISTRIBUTION

For villages below 2000 people in Sample States

.001
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Density
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0
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Figure 17: Checking for Manipulation: Distribution of Village Population
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Proportion of Transactions

OUTCOME VARIABLES BY STATE
GUJARAT MADHYA PRADESH

ODISHA RAJASTHAN
0
<
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B 50 0 t6-30cays [N s1-socays [ c1-00cays [ o0 o2y

Graphs by State

Figure 18: MGNREGA Payment Processing Time (Stage-1) by State
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RATIO OF TRANSACTIONS PROCESSED

Different Endogenous Regressor
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Figure 19: Robustness Check (transactions): PMGSY Population Coverage as Endogenous
Regressor
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RATIO OF AMOUNT PROCESSED

Different Endogenous Regressor
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Figure 20: Robustness Check (amount): PMGSY Population Coverage as Endogenous Regressor
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RATIO OF TRANSACTIONS PROCESSED
Different Data Source (2011 Census)

Treatment Effect
0
e
e

Paved Road (2011) All PMGSY (Pre-2014) PMGSY ex-Bad Obs.

® <15 days <15 days ® <15 days 4 16-30 days
% 16-30 days 16-30 days © 31-80days < 31-60 days
31-60 days 61-90 days 61-90 days ¢ 61-90 days
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Figure 21: Robustness Check (transactions): Any Paved Road Coverage as Endogenous Re-
gressor
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RATIO OF AMOUNT PROCESSED
Different Data Source (2011 Census)

Treatment Effect
0
e

Paved Road (2011) All PMGSY (Pre-2014) PMGSY ex-Bad Obs.

® <15 days <15 days ® <15 days 4 16-30 days
% 16-30 days 16-30 days © 31-80days < 31-60 days
31-60 days 61-90 days 61-90 days ¢ 61-90 days

95% ClI reported

Figure 22: Robustness Check (amount): Any Paved Road Coverage as Endogenous Regressor
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DISTRIBUTION OF TREATMENT EFFECTS DISTRIBUTION OF TREATMENT EFFECTS
All Observations (BW=50) Tertile-1 of Distance to Sub-District HQ (BW=50)
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Figure 23: Heterogeneity Analysis of Treatment Effects (transactions): By Distance to Sub-
District Headquarters
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DISTRIBUTION OF TREATMENT EFFECTS DISTRIBUTION OF TREATMENT EFFECTS
All Observations (BW=50) Tertile-1 of Distance to Sub-District HQ (BW=50)
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Figure 24: Heterogeneity Analysis of Treatment Effects (amount): By Distance to Sub-District
Headquarters
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PAYMENT PROCESSING BY DISTANCE TO SUB-DISTRICT HQ
Control Group
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Figure 25: Time taken to process MGNREGA transactions by distance to Sub-District HQ for
Control Group
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PAYMENT PROCESSING BY DISTANCE TO SUB-DISTRICT HQ
Control Group
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Figure 26: Time taken to process MGNREGA amount by distance to Sub-District HQ for
Control Group
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3 CHAPTER 3: Party Size and Candidate Wealth: Evidence

from India

Why are some elected legislators wealthier than others? In this paper, I examine whether
the size a of a political party determines the economic background of its candidates. Unlike
parties with a national footprint, smaller regional parties in a multi-party system may have
limited avenues for resource mobilization. I hypothesize that such parties overcome this
disadvantage by fielding wealthier candidates. Using data from state elections across India
during 2005-2016, I estimate whether challengers fielded by regional parties in narrowly
lost seats are wealthier than those fielded by national parties. RD estimates suggest that
challengers fielded by regional parties may, on average, be 44-103% wealthier than those
fielded by national parties. These results have important implications for understanding

electoral finance in low- and middle-income countries like India.

3.1 Introduction

What explains spatial differences in the affluence of political representatives? This question is
important in light of evidence that a political representative’s socio-economic profile impacts
outcomes related to governance (Prakash et al., 2019). In this paper, I explore one possible
explanation related to the size of political parties. In a multi-party system, political parties of
different sizes exist. Whereas some hold political influence across different parts of the country,
others may be limited to specific political geographies. I argue that when compared to those
in the former category, parties in the latter category have limited avenues to raise funds. I hy-
pothesize that as a result of this difference, regional parties rely more on wealthier candidates.
Using state-level election data during the period 2005-2016, I test whether regional parties that
barely lose elections to national parties during election cycle t field wealthier challengers during

election cycle ¢t + 1, when compared to national party challengers.

As per the Election Commission of India (2023), there are over 2,500 political parties across
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India. Of these, six are recognized as “national parties”, whereas over 70 are considered as
state-level parties, and over 2,500 are unrecognized parties. Among the 6 national parties, only
two-the Indian National Congress (INC) and the Bharatiya Janata Party (BJP)- have substan-
tial presence across a large part of India. Since India’s independence in 1947, the Indian Prime
Minister has belonged to either of these parties for over 90% of the duration. The rest of the
parties are mostly limited to a specific state, whereas many have presence within specific regions

of a specific state.

Treating the INC and the BJP as national parties, and the rest as regional parties, I test
whether the latter field wealthier candidates than the former. There are at least two reasons
to believe that this may be the case. First, unlike most regional parties, the INC and the BJP
have been in power at at federal level. It is, therefore, possible that they are better connected
with potential donors owing to their past, as well as the possibility of being in power in the
future. At the same time, unlike regional parties, these two parties head state governments of
different states, which may provide them with additional avenues to mobilize resources. Re-
gional parties, on the other hand, have fewer avenues to raise resources in a centralized manner,

and may, therefore, rely on wealthier candidates for their campaigns.

Suggestive evidence points in this direction. Vaishnav (2011) points out, “Because parties are in
need of finances to fund activities such as campaigning, voter mobilization and vote buying, they

” Verniers

must strategically select candidates who will not be a drain on finite party coffers.
and Jaffrelot (2020) suggest that in the context of national elections, during 2004-2019, while
average individual wealth levels for all elected candidates jumped to six times the original level,
the same for elected candidates from regional parties rose to thirteen times the baseline value.

In this paper, I try to find causal evidence regarding the impact of the politico-geographical

reach of a political party on its choice of candidates along the dimension of candidate wealth.
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A naive regression of a candidate’s wealth on the nature of their political party (national or
regional) may face challenges related to endogeneity. I overcome this challenge by looking at
seats where national and regional parties are involved in close contests. In such a seat, the
victory of a national party candidate against a regional party challenger can be treated as
exogenous. Similarly, the victory of a regional party candidate against a national party chal-
lenger can also be considered as exogenous. In my sample, I focus on seats that are decided
by a narrow margin during election cycle e;. Following a close election regression discontinuity

setup, I compare the wealth of regional and national party challengers during election cycle e;41.

In the benchmark specification, I use candidates’ self-declared assets as well as net worth (self-
declared assets minus self-declared liabilities) as the primary outcome variables. I normalize
these variables by dividing them by the number of electors in the constituency. Depending on
the outcome variable, estimates suggest that candidates fielded by regional parties in seats lost
by narrow margins are 44-103% wealthier than candidates fielded by national parties in similar

seats. Results are robust to a battery of empirical checks.

The nature of the results, however, is localized. I focus on those seats that witness contests
between regional and nationl parties in both election cycles e; as well as e;1. Next, in the con-
text of this paper, a treated seat is one where a regional party challenges an incumbent national
party during election cycle eq41 after being narrowly beaten during election cycle e;. Control
seats, on the other hand, are those where a national party challenges an incumbent regional
party during election cycle e;4;1 after being narrowly beaten during election cycle e;. Hence,
the nature of treatment is bundled, i.e. a regional party that acts as challenger and a national
party that is incumbent. I partially address the last concern by controlling for characteristics

of the candidates during e;11. The results remain robust to the inclusion of these covariates.
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The rest of the paper is organized as follows. In Section I discuss the existing literature and
this paper’s contribution to the same. In Section [3.3] I lay down the context for this study. In
Section I explain the empirical strategy, while in Section I provide details regarding the
data and its sources. In Section I establish the validity of the main empirical strategy. In
Section I show the main results, and in Section I show results from robustness checks.

Finally, in Section I discuss the said results, and provide concluding remarks.

3.2 Literature Review

The paper contributes to existing literature related to challenger and incumbent spending. The
importance of money in elections was noted by Abramowitz (1988). Specifically, that paper
focuses on the ability of challengers to raise funds for their campaigns. In the context of the
United States of America, Abramowitz (1991) noted the declining ability of House challengers
to raise campaign funds. At the same time, there is evidence that challenger spending impacts
the challenger’s fate significantly. While Jacobson (1990) suggests that challenger spending
is more effective than incumbent spending, Green and Krasno (1988) suggest that the role of

campaign financing is a complement to the candidate’s quality.

In the Indian context, Gowda and Sridharan (2012) cite the National Election Audit (1999)
conducted by the Center for the Study of Developing Societies, which suggests that “to be
competitive, candidates need to spend at least a certain minimum amount”, although above
certain thresholds, the correlation between spending and vote shares is lost. However, given
data constraints related to election spending in India, the paper will focus on challengers’ assets
(and net worth) instead of electoral spending. In that regard, Vaishnav (2011) points out that
political parties are attracted towards criminal politicians because they possess the ability to

self-finance, and they do not act as a drain on their party’s resources. Chauchard et al. (2019)
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suggest that while voters see candidate wealth with suspicion related to corruption and politi-
cal violence, there are mechanisms that justify victories of “wealth accumulators” despite these
negative reactions. However, to my best knowledge, at least in the Indian context, this is among
the first few papers that examines the causal impact of a political party’s politico-geographic

reach on its candidate selection along the dimension of wealth.

3.3 Context

The Indian legislative system has three tiers. Voters elect representatives to each of these tiers,
i.e. Members of Parliament to the Parliament of India (national), Members of Legislative As-
sembly to their respective state assemblies, and representatives to their areas’ local legislative
bodies. Each of these elections follows the “first past the post” system. In any given election, a
candidate who secures the highest number of votes in a constituency is elected to the legislature
from that constituency. In this paper, I will focus on elections to state assemblies. I make this

choice (over the the other two types of elections) for multiple reasons.

When compared to national elections, the contest between regional and national parties in
state elections is much stiffer. For instance, as of March 2024, almost a dozen Indian states
are governed by Chief Ministers from regional parties. At the same time, for almost 90% of
India’s 76-year old post-independence history, a member belonging to either of the two national
parties-Indian National Congress (INC) and Bharatiya Janata Party (BJP)-has been the Prime
Ministerm In addition, elections to the national parliament are held once every 5 years, whereas
there are 31 states (and union territories) where elections are held once every 5 years. These

state elections take place in a staggered manner, such that there is at least one state assem-

3"Technically, as per the Election Commission of India, as of 2024, there are 6 national parties, i.e. Bahujan
Samaj Party, Bharatiya Janata Party, National People’s Party, Communist Party of India (Marxist), Indian
National Congress and Aam Aadmi Party. For the purpose of this project, I am considering only the INC
and BJP because, unlike the other national parties, they are present across several states, have formed local
governments across many of these states and have been the focal point of almost all federal governments in
India’s history so far.
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bly ever year. Hence, these elections provide a much larger number of observations to detect
effects. Finally, when compared to local body elections, data availability for state elections is

much more robust.

As explained in the subsequent section, my empirical strategy hinges on the idea that con-
stituencies with stiff competition between a regional and national party at time ¢ will be assessed
for outcomes at time t+1. It is to be noted that in 2008, electoral boundaries were redrawn
across states. This complicates the empirical strategy. For instance, assembly elections were
held to the state of Uttar Pradesh in 2002, 2007, 2012 and 2017. While constituencies in the
2002 election are comparable with those in 2007, the same is not true of constituencies in 2007
and 2012. Similarly, in the state of Kerala, elections were held in 2001, 2006, 2011 and 2016.
As in the case of Uttar Pradesh, constituencies in 2001 are the same as those in 2006, and
those in 2011 are the same as those in 2016. However, I cannot use 2006 as ¢ and 2011 as t+1,
because the configuration of constituencies changed during the intervening period. In addition,
candidate affidavits, which contain information about their finances, criminality and education
became compulsory only beginning 2003-04. That data is available only beginning 2004-05 and
has been collated until 2017. Finally, there are states where the contest is restricted to the two

national parties.

Considering the said factors in mind, as shown in Appendix constituencies from 18
states/Union Territories are considered for this study. This amounts to more than 50% of the
total states/Union Territories where elections to state assembly elections are held every 5 years.
Of these, I use a single set of “t” and “t+1” for 10 states, and two sets of “t” and “t+1”for the

remaining 8 states.
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3.4 Empirical Strategy

A naive OLS regression aimed at the identification of the impact of the size of a political party on
the wealth of its nominated candidates is shown below (Equation ) As per Equation , the
wealth of candidate ¢ nominated by political party p in constituency c in year t is regressed on
whether the party has a national footprint (or not) in year ¢, candidate-level controls (X .,),

Z7p7c7t

party-level controls (Z,,), constituency-level controls (.J.

» ¢t); and time fixed effects (9;). In

this case, 3 is the coefficient of interest. A positive 8 will imply that all else equal, candidates

belonging to regional parties are, on average, wealthier than those belonging to national parties.

CandidateW ealth;p s = a + SRegional Partyy: + X; , . A+ Z, + Jo ik + 0 + €0 (8)

,P;C,

However, this specification may suffer from omitted variable bias. For instance, candidate wealth
may be influenced by unobservables such as a constituency’s political culture. There may also
be concerns regarding reverse causality. The primary identification strategy in this paper will,

therefore, be a sharp regression discontinuity design (Lee, 2008; Imbens and Lemieux, 2008).

Focusing on close contests between national and regional party candidates, I will estimate the
impact of the election of a national party candidate in a constituency during an election cycle
e; on the wealth of the challenger candidate fielded by the competing regional party during
the subsequent election cycle e;y1. The counterfactual to these treated constituencies will be
those where during e;, a regional party candidate narrowly wins, and is challenged by a national
party during e;41. The methodology is based on existing literature that uses close election RD

designs (among others, Lee et al., 2004 and Prakash et al., 2019).

The underlying assumption behind this setup is that at the end of election cycle e;, constituen-
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cies where a national party defeats a regional party by a narrow margin (let’s call these type
“A” constituencies) are, on average, similar to constituencies where a regional party defeats a
national party by a narrow margin (call these type “B” constituencies) along all dimensions
except that incumbents in type “A” constituencies belong to national parties, and those in type
“B” belong to regional parties. During election cycle e;11, a candidate from a regional party
will challenge the national party incumbent in type “A” constituencies, and a candidate from
a national party will challenge the regional party incumbent in type “B” constituencies. A
comparison of the wealth of these challenger candidates belonging to regional (treated) and na-
tional (control) political parties will then give us the causal effect of a regional party’s challenge
against an incumbent national party on the wealth of the former’s candidate. The empirical

strategy can be formalized as follows (Equation @)

CandidateW ealth;p ¢ s 111 = a+BRegional PartyChallengere s 1+ f(Margine s )+J,. ¢ 5+0s+0i+€ipe s it
(9)

As mentioned above, I will focus on close contests between national party and regional party

candidates. The running variable in this case will be the difference between the national party

candidate’s vote share and the regional party’s vote share during election cycle e;. Therefore,

the cut-off point will be zero. The final sample will contain constituencies that were won with

a very narrow margin on either side of the cut-off, i.e. constituencies where national parties

just won against regional parties (treated) and those where national parties just lost against

regional parties (control) during election cycle ;. In the benchmark specification, I will use a

bandwidth of 5 percentage points. In subsequent sections, I test the robustness of the main

results by varying the bandwidth.

The outcome variables (CandidateW ealth; ;, ¢ s++1) will represent the wealth of the challenger

110



candidate i belonging to party p in constituency c in state s during election cycle e;yi. For

the main results, I will use two different outcomes: a challenger’s total assets per elector in

Assets

Assets—Liabilities \ :
Numberof Electors ) in the

) and their net wealth per elector (Numbemelectom

the constituency (

constituency. I use the normalized values of assets and net worth instead of aggregate values
because of the vast differences in constituency sizes across the country. For instance, across
all state assembly elections held in 2016, as per the SHRUG database, the range of number of
electors in a constituency is 10,747 to 60,2472. The same for elections held in 2017 is 12,764 to

8,65,650. Similar variations exist within states as well.

The variable Regional PartyChallenger. ;1 is a binary variable (treatment) that equals 1 if
during election cycle e;41 in constituency ¢, a regional party candidate challenges a national
party incumbent. In other words, RegionalPartyChallenger.;y1 equals one if during e;, in
constituency ¢, a national party narrowly won the election against a regional party candidate.
Following Cattaneo et al., 2019, the expression f(Margin,s;) represents a local linear polyno-
mial in distance to the cut-off point, i.e. margin of victory for the national party during election
er. Jest is a set of constituency-level controls. 6, and §; represent state and time fixed effects
respectively. Finally, €;pcs¢4+1 is the error term. The coefficient of interest is 3. A positive
B implies that regional party challengers are wealthier than national party challengers. Given
that the winning candidate from time ¢ may not necessarily be fielded again at time ¢+1, this

empirical strategy focuses on incumbency at the party level, and not at the individual level.

3.5 Data

e Outcomes: As per a 2003 Supreme Court of India order, all candidates appearing in
elections are required to disclose information regarding their financial, educational, and
criminal background by means of a sworn affidavit submitted to India’s Election Commis-

sion. This publicly available data has been compiled by the Association for Democratic
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Reforms, an India-based think-tank, which was further collated by Prakash et al. (2019). I
obtain this data from the Socioeconomic High-resolution Rural-Urban Geographic Dataset
for India (SHRUG; see Asher et al., 2021 for details). The dataset contains each candi-
date’s self-declared assets and liabilities. T use this data to create two different outcome
variables- value of candidate’s assets per elector in their constituency, and candidate’s net

worth (assets minus liabilities) per elector.

e Explanatory Variables: For all election cycles in the sample, I obtain data on each
candidate’s vote share (running variable) from Jensenius and Verniers (2017). This data
is also a part of the SHRUG. The dataset also contains other information regarding the
constituency: turnout, number of electors, reservation status (whether it is a general con-
stituency or reserved for historically disadvantaged groups), number of candidates and
political parties in contention, etc. I use some of these variables from election cycle e;
as controls (see Appendix . Finally, I obtain constituency-level data on geograph-

ical and economic covariates from SHRUG: elevation, ruggedness and employment levels

(1998) P

3.6 Validity of the RD Design

A valid sharp RD setup should satisfy two conditions. First, within the bandwidth around the
cut-off point, both treated and control constituencies should be balanced on all explanatory
variables except treatment status. Second, we should not see any bunching of observations

around the cut-off point. I shall test each of these assumptions.

In order to confirm the validity of the RD design, I first run the McCrary density test to
check if there is any manipulation around the cut-off, i.e. where the running variable equals

zero. The t-statistic for this test turns out to be -1.44, which makes the coefficient statistically

38The authors of SHRUG obtain raw data on employment from the Economic Census of 1998, and map it to
assembly constituencies.
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insignificant at conventional levels (see Figure .
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Figure 27: McCrary Test (Bandwidth=>5 percentage points)

In Table [I5] I show results from balance checks within the bandwidth. To arrive at these
estimates, I use the empirical strategy outlined in Equation @, but without covariates. Of the
15 covariates, I find that the estimate on the treatment variable is statistically significant for
two variables: at the 5% level for whether the winner at the baseline was a member of socially
disadvantaged groups (scheduled caste/SC or scheduled tribe/ST), and at the 10% level for
whether the runner-up at baseline was a member of socially disadvantaged groups (scheduled
caste/SC or scheduled tribe/ST). These results are not very worrying, for even if the coefficients
are null, one expects one to two estimates to be statistically significant by chance. Furthermore,

I include all these covariates in the benchmark specification.
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Table 15: Balance Checks (Baseline Covariates)

o)
RD Estimate
National Party=INC? -0.246
(0.132)
Winner SC/ST (t)? -0.388**
(0.035)
Runner-up SC/ST (t)? -0.325%
(0.067)
Winner female (t)? 0.037
(0.894)
Runner-up female (t)? -0.251
(0.184)
Turnout percentage (t) -0.047
(0.735)
Effective number of parties (t) 0.010
(0.969)
No. of candidates (t) -0.095
(0.615)
SC Reserved constituency? -0.235
(0.354)
Elevation -0.105
(0.463)
Ruggedness -0.205
(0.155)
Percentage employed (1998) 0.024
(0.832)
Winner’s age (t) 0.185
(0.499)
Runner-up’s age (t) -0.178
(0.601)
Number of Electors (t) -0.080
(0.367)
N 243

p-values in parentheses

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

RD estimate using local linear polynomial. All outcome vari-
ables are standardized. The specification controls for state and
year fixed effects. Robust standard errors in parentheses. Num-

ber of observations for age-related variables is 142.
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3.7 Main Results

I report the main results in Table While all estimates are positive, not all are statisti-
cally significant at the 5% level. Given that the number of observations in the specifications
without any controls (columns 1 and 4), and those with all controls except age-related variables
(columns 2 and 5) is 243, statistical insignificance may be a result of lack of power. On the other
hand though, when I include variables related to candidates’ age at baseline, 101 observations
drop out due to lack of data. Estimates obtained from this sample are statistically significant
(columns 3 and 6). The coefficients are consistently high across all specifications. As per these
estimates, the impact of a regional party narrowly losing an election to a national party during
e; on its candidate’s wealth during e;;1 is anywhere in the range of 44-103% of the control
mean@ The control mean for challenger’s net worth per elector, i.e. challenger’s net worth per
elector in tightly contested constituencies where national party candidate challenges an incum-
bent regional party during e;; is INR 148. The same for the national party challenger’s total

assets per elector is INR 165 per elector.

Table 16: Main Results

Log of Challenger’s Log of Challenger’s
Total Assets per Elector Total Net Worth per Elector
ey (&) ®3) 4) (5) (6)
Regional Party Challenger=1 0.535* 0.368 0.709** 0.577* 0.445* 0.643**
(0.289) (0.265)  (0.304) (0.282) (0.243)  (0.314)
Bandwidth (pp.) 5 5 5 5 5 5
Baseline Covariates None All ex age All None All ex age All
N 243 243 142 241 241 142

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01

Local linear regression coefficient estimated using triangular kernels. All specifications control for state fixed effects. Robust standard errors in parentheses

39This range comes from estimates with minimum and maximum magnitudes, i.e. 0.368 and 0.709.
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3.8 Robustness Checks

Choice of Bandwidth
In the main specification, I use an arbitrarily chosen narrow bandwidth (margin of victory),
i.e. 5 percentage points. In Figure 28] I show that results are robust to the choice of different

bandwidths, both narrower and wider.

DIFFERENT BANDWIDTHS: DIFFERENT BANDWIDTHS:
LOG ASSETS PER ELECTOR LOG NET WORTH PER ELECTOR
® Benchmark (BW=5pp) BW=3pp ® Benchmark (BW=5pp) BW=3pp

= BW=7pp = BW=7pp

Figure 28: Robustness Checks: Different Bandwidths

Different Kernel Functions

In Figure I show that results are robust to the usage of different types of kernels. In the
benchmark specification, I use a triangular kernel function to assign weights to observations.
In Figure I show that results do not change if I use rectangular or Epanechnikov kernel

functions.

Inclusion of e;;; Controls
It is plausible that the treatment, i.e. election of a national party winner against a regional party
during e;+1 may impact other characteristics of candidates during e;4+1. These include factors

such as candidates’ age, education, criminal history, etc. This may also include the incumbent
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DIFFERENT KERNEL FUNCTIONS: DIFFERENT KERNEL FUNCTIONS:
LOG ASSETS PER ELECTOR LOG NET WORTH PER ELECTOR

® Benchmark (triangular) Rectangular ® Benchmark (triangular) Rectangular
® Epanechnikov ® Epanechnikov

Figure 29: Robustness Checks: Different Kernel Functions

party’s candidate’s net worth. If these factors are correlated with challenger’s wealth during
et+1, then the coefficient on the treatment variable may be picking up the impact of treatment
on these variables, and not challenger net worth. I address this concern by controlling for these
factors in the benchmark specification. As shown in Figure [30] after the inclusion of these

controls, the estimates remain stable, and the confidence intervals shrink.

ADDITIONAL CONTROLS: ADDITIONAL CONTROLS:
LOG ASSETS PER ELECTOR LOG NET WORTH PER ELECTOR
‘ ® Benchmark Incl.Additional Controls (e_t+1) ‘ ‘ ® Benchmark Incl.Additional Controls (e_t+1) ‘

Figure 30: Robustness Checks: Inclusion of Additional Controls (ey1)

3.9 Discussion and Conclusion

Electoral success depends on several important factors, including electoral funding. In the In-
dian context, the distinction between regional and national parties is important. While national

parties such as the Indian National Congress and the Bharatiya Janata Party are spread across

117



several states and are usually at the center of all federal governments, regional parties are re-
stricted to only a handful of states (and in many cases one state). As a result, it is reasonable

to assume that the former have access to larger pools of financial resources than the latter.

As a result, I hypothesize that regional parties are more dependent on wealthy individuals,
who can finance their own campaigns as well as contribute to the party’s resource pool. Focus-
ing on state-level assembly elections, I estimate whether regional party candidates who challenge
incumbent national parties are wealthier than national party candidates who challenge incum-
bent regional parties. Using a sharp RD design, I focus on seats where regional parties narrowly
win/lose against national parties during election cycle e;. Seats where regional parties narrowly
lose against national parties (treated) are those where they field challengers during election cy-
cle e;41. whereas in seats where national parties narrowly lose against regional parties (control)
are those where the former field challengers during e;11. The treatment effect is the difference
between wealth of the regional party challenger and the national party challenger during elec-

tion cycle e;y1.

My estimates suggest that on average, regional parties field wealthier challengers than national
parties during election cycle e;y1. The magnitudes of these estimates suggest that these effects
are in the range of 44-103% of the control mean. While results are robust to standard checks, I
also add candidate-level controls from e;11 to ensure that effects are not driven by candidate-

level characteristics. The estimates are stable even after the inclusion of these controls.

Given that these estimates are localized-both in terms of focusing on constituencies with close
contests as well as focusing on constituencies with contests between regional and national
parties-they should be interpreted with caution. There may also be reasons to believe that

these estimates are a lower bound of the true treatment effect. For instance, across several
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states (such as Bihar, Punjab and Maharashtra), there are instances where a regional party,
in alliance with a national party, is competing against another national party or another al-
liance of a regional party and national party. For example, for a very long time in the state
of Maharashtra, the Indian National Congress (a national party) and the Nationalist Congress
Party (NCP, a regional party) have allied against the Bharatiya Janata Party (a national party)
and the Shiv Sena (a regional party). In such cases, in a regional-national party contest, the
regional party may not be too dependent on wealthy candidates because their alliance partner
(a national party) may also be contributing to the former’s resource pool. Similarly, candidates
may not have all their wealth/assets listed in their own name. Instead, a substantial share of
their true wealth may be amassed in the name of their family members. I cannot estimate these
proportions separately, which makes it a limitation of the analysis. Overall, however, these
results open up avenues for future research in the relatively underexplored area of electoral

finance in developing countries like India.
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Land Ownership by Social Groups (1900s)

LAND OWNERSHIP BY SOCIAL GROUP BETWEEN REGIONS
Bordering Districts

As % of Total Area

50

Reformed Unreformed

Social Group

¢ Only Hindu Upper Caste  © Hindu Upper Caste+Muslims

95% confidence intervals

Figure 31: Land Ownership by Social Groups
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A.2 Empirical Strategy: An Illustration

Villages in the green buffer zone (reformed) are compared with those within the orange buffer

zone (unreformed). The border is divided into 25 segments of equal length.

RD SAMPLE (BW=10 KM)

(1.1,2.1]
- Reformed
Unreformed

Figure 32: Identification Strategy
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A.3 Construction of Index of Asset Ownership

Population Census of India (2011) gives data on ratio of HH within village with at least one of

following assets.

e Car

Mobile Phone

Fixed Line Phone

Two Wheeler (Scooter, Motorcycle)

Bicycle

Radio

Television

In this paper, the Asset Index equals weighted average of these ratios, where the weight equals
average regional price of asset as per National Sample Survey 2011-12. Final Weights (INR):
Car (339,944), Mobile (1,906), Fixed Line (1,646), Two Wheeler (49,300), Bicycle (2,674), Radio

(1,053), TV (4,358)
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A.4 Sample from Ain-i-Akbari

= 2
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i Badrpir ... .. | 120,698 881,175 | 15,681 | 20 | 600 | ... | Janwir,
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Figure 33: Sample from Ain-i-Akbari)
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A.5 The Process of Georeferencing

masHYA
PaAwESH

UTTAR PRADESH

(a) Modern Day

(b) Colonial Map (¢) Pre-Colonial Map

Figure 34: Georeferencing Across Time
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A.6 Variable Definitions and Sources (Secondary)

Variables

Asset Index

Definition

The Population Census lists percent-
age of households owning at least one
of the following assets (separately):
car, bicycle, two-wheeler, radio, TV,
mobile phone, fixed line phone and
computer. The Socio-Economic Caste
Census has data on percentage of
households owning at least one of
the following assets (separately): car,
two-wheeler, mobile phone, fixed line
phone and refrigerator. I compiled
an asset index using this data as ex-
plained in Appendix [A.3]

Source

Population
sus (2011),
Economic

Cen-
Socio-
Caste

Census (2011)

Resolution
Village

Nonfarm Employ-
ment

An establishment is defined as “an en-
terprise or part of an enterprise that is
situated in a single location in which
one or predominantly one kind of eco-
nomic activity is carried out”. In
the benchmark empirical strategy, I
used the number of people employed
in non-agricultural economic estab-
lishments per 100 residents of the vil-
lage. It is possible that not all workers
employed in an establishment belong
to the village. Hence, I remove those
observations where total workers em-
ployed in a village is higher than the
village’s population.

Economic

(2013)

Census

Village

Years of schooling

Years of schooling are recorded in the
Socio-Economic Caste Census (2011)
at the individual level. For the pur-
pose of analysis, I calculated the av-
erage years of schooling per individual
within a village.

Socio-Economic

Caste
(2011)

Census

Village
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Variables

Soil
(2015)

Variables

Definition

These include the following variables:
Sand Mass, Coarse Fragments, Silt,
Clay, Bulk Density, Water Capacity,
Organic Carbon, Nitrogen, C/N Ra-
tio, Electrical Conductivity, Soil Reac-
tion, Cation Exchange, Base Satura-
tion, Exchangeable Sodium, Carbon-
ate Equivalent, Clay Size, Gypsum,
Effective Cation Exchange and Alu-
minium. These are available at a reso-
lution of 1 km?. For each village, I cal-
culated the average value using data
from all polygons of 1 km? that can
be mapped into it.

Source

International Soil
Reference and In-
formation Centre
(2015)

Resolution
1 km?

Distance to Near-
est River

Using coordinates of rivers from this
shape file, I calculated distance be-
tween villages and the nearest river

(using GIS).

National River
Linking Project

Geographical
Coordinates of
Rivers

Village-Level
Maps

Meiyappan et al.
(2018)

Geographical
Coordinates of
Villages from
2001 Census

Pre-Treatment
Covariates

Using an archival source, I compiled
data on tax demands per unit land
and important caste and religious
groups from the pre-treatment period,
i.e. the 16" century.

Ain-i-Akbari
(16th Century)

Sub-District

Colonial Tax Data

Using colonial gazettes, I compiled
data on tax demands per unit land
from the first decade of the 20*" cen-
tury.

Colonial Gazettes
(1900s)

Sub-District

Historical — Agri- District
cultural Income Donaldson (2018)
Historical Inter- In order to obtain data on inter- District

District Migration

district migration, I digitized tables
on population (residents) by district
of birth from archival documents.
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A.7 Survey Representativeness

In this Figure and Figure I show representativeness of the randomly selected villages

across three different kinds of variables: soil, bio-climatic and socio-economic outcomes.

REPRESENTATIVENESS (SOIL)

REPRESENTATIVENESS (BIO-CLIMATIC)
UNREFORMED AREAS UNREFORMED AREAS
2015 (Standardized) Averaged over 1970-2000 (Standardized)

ST ey L S S -
§ o ! 3 |
= | | T ‘ ‘ ! 5
é E ‘ H
3 | g
o . 3

i o

Sample=1 i
oo Sample=1
Simple OLS estimates with robust SE, controling for segment-bin fixed effects. Simple OLS estimates with robust SE, controlling for segment-bin fixed effects.
REPRESENTATIVENESS (SOCIO-ECONOMIC)
UNREFORMED AREAS
2011 (Standardized)

3.
E
]
5
5 l
E |
S

\ ! I

Sample=1

® Vigervea Populaton B Lieracy Rete A& Log NgntLighs (2013
X Percapta consurpton

Simple OLS estimates with robust SE, controling for segment-bin fixed effects.

Figure 35: Sample Representativeness (Unreformed Areas)
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1

Coefficient on Sample:

1

Coefficient on Sample:

REPRESENTATIVENESS (SOIL)
REFORMED AREAS
2015 (Standardized)

Sample=1

o Corse Fragments @ s - oy A ey
X Water Capacty Organi Caroon o Hirogen O GinRaio
O Eectreal Corcueiwty SoilReacian Caton Exchange.

.
) Efeciv Caen Exchrge 8 A

Simple OLS estimates with robust SE, controling for segment-bin fixed effects.

REPRESENTATIVENESS (SOCIO-ECONOMIC)
REFORMED AREAS

2011 (Standardized)

Sample=1

® viisge vea Fopulaton
X_per capta consumpion

B Gy R A Loghigntighi 0013)

Simple OLS estimates with robust SE, controling for segment-bin fixed effects.

1

Coefficient on Sample:

REPRESENTATIVENESS
(BIO-CLIMATIC) REFORMED AREAS
Averaged over 1970-2000 (Standardized)

Sample=1
 TempSessanaty @ TempAmaRarge B AmuaieanTemp A Kateraly

X Annual Prec Prec. Seasonsity © Ekvation & Dist. Nearest River
0 st Lucknow

Simple OLS estimates with robust SE, controling for segment-bin fixed effects.

Figure 36: Sample Representativeness (Reformed Areas)

129



A.8 Balance Checks: Geographical Variables

Table 17: Balance Checks (Soil Characteristics, 2015)

(1)
RD Estimate

Sand Mass -0.0014
(0.829)
Coarse Fragments 0.0160
(0.365)
Silt 0.0065
(0.538)
Clay -0.0062
(0.416)
Bulk Density 0.0031
(0.776)
Water Capacity 0.0020
(0.906)
Organic Carbon 0.0074
(0.466)
Nitrogen 0.0095
(0.284)
C/N Ratio 0.0193
(0.143)
Electrical Conductivity 0.0143
(0.509)
Soil Reaction -0.0091
(0.163)
Cation Exchange -0.0057
(0.552)
Base Saturation -0.0093
(0.122)
Exchangeable Sodium 0.0085
(0.681)
Carbonate Equivalent -0.0130
(0.391)
Clay Size -0.0045
(0.842)
Gypsum -0.0099
(0.667)
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Table 18: Balance Checks (Geography and Bioclimatic
Variables, 1970-2000)

M)
RD Estimate
Log Dist. Nearest River 0.0551
(0.238)
Temp Seasonality 0.0032
(0.641)
Temp Annual Range 0.0064
(0.611)
Prec Wettest Q 0.0167
(0.416)
Prec Wettest M 0.0015
(0.951)
Prec Warmest Q -0.0347
(0.107)
Prec Seasonality 0.0364**
(0.040)
Prec Driest Q -0.0256*
(0.070)
Prec Driest M 0.0205
(0.556)
Prec Coldest Q -0.0081
(0.316)
Min Temp Coldest M 0.0152
(0.171)
Mean Temp Wettest Q 0.0289
(0.210)
Mean Temp Warmest Q 0.0147
(0.181)
Mean Temp Driest Q -0.0056
(0.918)
Mean Temp Coldest Q 0.0115
(0.240)
Mean Diurnal Range -0.0061
(0.797)
Max Temp Warmest M 0.0162
(0.271)
Isothermality -0.0220
(0.380)
Elevation 131 0.0136
(0.200)

Annual Mean Temp 0.0162



A.9 Balance on Pre-Treatment Variables

Table 19: Balance on Pre-Treatment Covariates (Sub-District Level, 16th century)

1 (©) 3) (4)
Log Land Revenue  Log Charitable
Log Infantry Log Cavalry Demanded Per Grants Per
Per Unit Land  Per Unit Land Unit Land Unit Land
Reformed Area=1 0.541 0.363 0.201 0.238
(0.347) (0.327) (0.123) (0.365)
Control Mean (level) .032 .001 43.882 1.493
N 55 48 59 47

Robust standard errors in parentheses

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

Control mean is in absolute terms (not log). Each sub-district is assigned a weight that equals the sum of RD
weights assigned to its villages in the main specification. The specification controls for agro-climatiz zone fixed

effects. Robust standard errors reported.
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A.10 Cross-Border Migration within Bandwidth (1881)

This analysis is done at the level of the colonial districts. The earliest Census was conducted in
1881. In this table, I show the average of the proportion of people who moved from reformed
to unreformed districts and vice versa within the bandwidth. I then test whether the difference

between these two statistics is statistically significant or not. As the p-value shows, it is not

significant.
Reformed to Unreformed Unreformed to Reformed Difference p-value
Proportion Migrated Out .03312 .03029 .0028 76159
Observations 8 8
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A.11 Main Treatment Effects without Controls

In the following table, I show estimates of treatment effects without any controls. However, as

discussed in Section I do control for agro-climatic zone and segment fixed effects.

Table 20: Village Level Socio-Economic Indicators without Controls (2011)

(1) (2) (3)

Average Asset Nonfarm Workers Log Avg
Ownership Index Per 100 People Years of Schooling

Reformed Area=1 0.223* 1.285%** 0.054
(0.123) (0.211) (0.040)
Control Mean 4.94 2.63 4.28
Bandwidth 10 km 10 km 10 km
N 12579 12504 11871

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1
per cent on both sides, if not in log terms) used. Specifications control for agro-climatic zone

fixed effects. Standard errors clustered at the district-segment level.
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A.12 Robustness
A.12.1 Different Bandwidths

In the following tables, I show that estimates of treatment effects for the three outcome variables
are robust to the usage of different bandwidths (5-15 kilometers). In addition, in Figure
Figure |38 and Figure I show that these results remain robust even if I extend the bandwidth

up to 25 kilometers.

Table 21: Robustness Across Bandwidths: Index of Durable Assets

1) 2 ®3) (4) (®) (6) (M ®) 9) (10) (11)

Reformed Area=1  0.307**  0.397"**  0.380***  0.356™*  0.334"*  0.320"*  0.295"*  0.289**  0.282**  0.271"*  0.264**

(0.116)  (0.114)  (0.117)  (0.118)  (0.118)  (0.118)  (0.115)  (0.116)  (0.117)  (0.118)  (0.118)

Control Mean 4.94 4.96 4.96 4.96 4.96 4.95 4.96 4.96 4.96 4.95 4.94
Bandwidth (km) 10 5 6 7 8 9 11 12 13 14 15
N 10412 5917 6873 7776 8668 9534 11276 12136 12970 13751 14514

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications

control for geographic covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.

Table 22: Robustness Across Bandwidths: Number of Nonfarm Workers per 100 people

1) 2 ®3) 4) (5) (6) M ®) 9) (10) (11)

Reformed Area=1  1.333"*  1.235"*  1.295**  1.318%*  1.321"*  1.321™*  1.333"*  1.306™*  1.277**  1.247**  1.216"**

(0.238)  (0.253)  (0.251)  (0.247)  (0.243)  (0.241)  (0.234)  (0.231)  (0.231)  (0.232)  (0.233)

Control Mean 2.63 2.45 2.51 2.53 2.57 2.6 2.64 2.62 2.63 2.62 2.62
Bandwidth (km) 10 5 6 7 8 9 11 12 13 14 15
N 10364 5885 6839 7740 8627 9489 11228 12086 12918 13694 14460

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications control

for geographic covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.
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Table 23: Robustness Across Bandwidths: Log Average Years of Schooling

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

Reformed Area=1  0.063* 0.061* 0.063* 0.063* 0.063* 0.063* 0.063* 0.063* 0.062* 0.061* 0.061*

(0.035)  (0.036)  (0.036)  (0.036) (0.036) (0.035)  (0.034)  (0.034)  (0.033)  (0.033)  (0.033)

Control Mean 4.28 4.27 4.27 4.27 4.28 4.28 4.28 4.28 4.28 4.28 428
Bandwidth (km) 10 5 6 7 8 9 11 12 13 14 15
N 9862 5630 6524 7373 8218 9034 10682 11502 12293 13029 13765

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications

control for geographic covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.
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Each bar represents a point estimate of the treatment effect and its 95% confidence interval.
The first bar in each graph is the estimate using a bandwidth of 10 kilometers. Each subsequent
bar represents estimates from a bandwidth that is 1 kilometer wider than the previous bar’s.

The last bar represents a bandwdith of 25 kilometers.

COEFFICIENTS ACROSS BANDWIDTHS (10-25 km)
Durable Asset Ownership (Index)

02 04 06 08 10 12 14

HHH ]

T
Reformed Areas=1

02 0

Figure 37: Different Bandwidths (Index of Durable Assets, Standardized)

COEFFICIENTS ACROSS BANDWIDTHS (10-25 km)
Nonfarm Workers per 100 People

02 0 0204 06 08 1.0 1.2 1.4 16

T
Reformed Areas=1

Figure 38: Different Bandwidths (Nonfarm Employment per 100 People, Standardized)
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COEFFICIENTS ACROSS BANDWIDTHS (10-25 km)
Log Years of Schooling (Average)

0.02 004 006 008 01 012 0.14

-0.02 0

T
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Figure 39: Different Bandwidths (Log Average Years of Schooling, Standardized)
A.12.2 Donut Hole RD Estimates

Of the 12 donut-hole estimates (columns (2) to (4) of Table[24] Table[25 and Table 26)), three are
statistically insignificant at conventional levels, although they are statistically indistinguishable

from the benchmark estimates. The p-values of the estimates are listed below.
1. Assets (2 km donut-hole): 0.16
2. Assets (3 km donut-hole): 0.31
3. Years of Schooling (2 km donut-hole): 0.22

4. Nonfarm Employment per 100 pople (4 km donut-hole): 0.14
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Table 24: Donut Hole RD Estimates: Index of Durable Assets

(1) (2) ®3) (4)

Reformed Area=1 0.307*** 0.221 0.191 0.529***

(0.116) (0.155) (0.187) (0.188)

Control Mean 4.94 4.98 4.99 4.93
Donut Hole (km) 0 2 3 4
Bandwidth (km) 10 10 10 10
N 10412 9238 9028 8815

Robust standard errors in parentheses

*p<0.10, ¥*p<0.05, ¥***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized
outcomes (1 per cent on both sides, if not in log terms) used. Specifications control

for geographic covariates, segment and agro-climatic zone fixed effects.

Table 25: Donut Hole RD Estimates: Nonfarm Workers per 100 people

(1) (2) ®3) (4)

Reformed Area=1 1.333"* 0.941%** 0.670** 0.429
(0.238) (0.246) (0.268)  (0.287)
Control Mean 2.63 2.73 2.77 2.74
Donut Hole (km) 0 2 3 4
Bandwidth (km) 10 10 10 10
N 10364 9211 9005 8788

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Winsorized
outcomes (1 per cent on both sides, if not in log terms) used. Specifications control

for geographic covariates, segment and agro-climatic zone fixed effects.
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Table 26: Donut Hole RD Estimates: Log Average Years of Schooling

(1) (2) 3) (4)
Reformed Area=1 0.063* 0.035 0.048* 0.066**
(0.035) (0.028) (0.027) (0.030)
Control Mean 4.28 4.3 4.29 4.28
Donut Hole (km) 0 2 3 4
Bandwidth (km) 10 10 10 10
N 9862 8693 8513 8318

Robust standard errors in parentheses

*p<0.10, **p<0.05, ¥***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized
outcomes (1 per cent on both sides, if not in log terms) used. Specifications

control for geographic covariates, segment and agro-climatic zone fixed effects.

OUTCOME: INDEX OF DURABLE ASSETS

T
Reformed Area=1

‘ ® Benchmark 2 km Donut Hole ~ ® 3 km Donut Hole A 4 km Donut Hole ‘

Figure 40: Donut Hole RD (Index of Durable Assets)
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OUTCOME: NONFARM WORKERS
PER 100 PEOPLE

T
Reformed Area=1

‘ ® Benchmark 2 km Donut Hole ~ ® 3 km Donut Hole A 4 km Donut Hole ‘

Figure 41: Donut Hole RD (Nonfarm Employment per 100 People)

OUTCOME: LOG AVERAGE YEARS OF SCHOOLING

T
Reformed Area=1

‘ ® Benchmark 2 km Donut Hole ® 3 km Donut Hole A 4 km Donut Hole ‘

Figure 42: Donut Hole RD (Log Average Years of Schooling)
A.12.3 Inclusion of Pre-Treatment Covariates

In Table I show estimates of the treatment effect with and without the inclusion of pre-
treatment covariates in the benchmark specification. These covariates are compiled from Ain-
i-Akbari, a book written by Abul Fazl, a member of Mughal emperor Akbar’s court, in the 16"
century. This book has been cited frequently across colonial documents as reference material
for the pre-colonial era. These covariates include land revenue demand, cavalry and infantry per
unit area, and categorical variables for important social groups (upper caste, intermediate caste,
lowest caste and Muslims) at the sub-district level. Owing to absence of data at the village
level, I assign values compiled for a historical sub-district to all modern day villages matched to
it. The sample size (number of villages) in these specifications is roughly 20% smaller than that

in the main results, for I was not able to match those villages to areas mentioned in historical
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documents.

Table 27: Robustness to Inclusion of Pre-Treatment Covariates

1 2) ®3) 4) (5) (6)

Average Asset Average Asset Nonfarm Workers  Nonfarm Workers Log Avg Log Avg
Ownership Index ~ Ownership Index Per 100 People Per 100 People Years of Schooling ~ Years of Schooling
Reformed Area=1 0.338*** 0.368*** 1.600*** 1.653*** 0.086** 0.081*
(0.114) (0.115) (0.279) (0.274) (0.039) (0.045)
Control Mean 5.08 5.08 2.67 2.67 4.32 4.32
Pre-Treatment Covariates? No Yes No Yes No Yes
Bandwidth (km) 10 km 10 km 10 km 10 km 10 km 10 km
N 8431 8431 8392 8392 8063 8063

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications control for

geographic covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.

A.12.4 Removal of Southern Boundary

Table 28: Robustness to Removal of Southern Boundary: All Indicators

(1) ) ®) ) (5) (©)
Average Asset Average Asset Nonfarm Workers Nonfarm Workers Log Avg Log Avg
Ownership Index Ownership Index Per 100 People Per 100 People Years of Schooling Years of Schooling
Reformed Area=1 0.307*** 0.307** 1333 1.154** 0.063* 0.033
(0.116) (0.127) (0.238) (0.267) (0.035) (0.031)
Control Mean 4.94 5.29 2.63 2.65 4.28 4.28

Sample Benchmark Sample  Ex-Southern Boundary =~ Benchmark Sample  Ex-Southern Boundary = Benchmark Sample  Ex-Southern Boundary
Bandwidth (km) 10 10 10 10 10 10
N 10412 872 10364 7836 9862 7341

Robust standard errors in parentheses

*p<0.10, *¥p<0.05, ***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications control for geographic covariates,

segment and agro-climatic zone fixed effects.
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A.12.5 Removal of Permanently Settled Areas

Table 29: Robustness to Removal of Permanently Settled Areas: All Indicators

M 2 ®3) 4) (5) (6)
Index of Index of Nonfarm Workers Nonfarm Workers Log Average Log Average
Durable Assets Durable Assets per 100 People per 100 People Years of Schooling Years of Schooling

Reformed Area=1 0.307** 0.334** 1.333*** 1.700*** 0.063* 0.069

(0.116) (0.147) (0.238) (0.247) (0.035) (0.043)
Control Mean 4.94 4.65 2.63 2.55 4.28 4.12
Sample Benchmark Ex-Permanently Settled Benchmark Ex-Permanently Settled Benchmark Ex-Permanently Settled
Bandwidth (km) 10 10 10 10 10 10
N 10412 8513 10364 8467 9862 8072

Robust standard errors in parentheses

*p<0.10, **p<0.05, **¥*p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications control for geographic

covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.

A.12.6 Removal of Rohilkhand (Western Border)

Table 30: Robustness to Removal of Rohilkhand: All Indicators

1) 2) ®3) 4) ()

(6)

Index of Index of Nonfarm Workers ~ Nonfarm Workers Log Average Log Average
Durable Assets  Durable Assets per 100 People per 100 People Years of Schooling ~ Years of Schooling

Reformed Area=1 0.307*** 0.275* 1.333*** 1.132%* 0.063* 0.073*

(0.116) (0.118) (0.238) (0.250) (0.035) (0.037)
Control Mean 4.94 5.06 2.63 2.69 4.28 4.36
Sample Benchmark Ex-Rohilkhand Benchmark Ex-Rohilkhand Benchmark Ex-Rohilkhand
Bandwidth (km) 10 10 10 10 10 10
N 10412 9003 10364 8971 9862 8518

Robust standard errors in parentheses

*p<0.10, ¥**¥p<0.05, ***p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications

control for geographic covariates, segment and agro-climatic zone fixed effects. Standard errors clustered at the district-segment level.
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A.12.7 Usage of Different Kernels

Table 31: Robustness to Choice of Kernels: Index of Durable Assets

(1) 2)

3)

Reformed Area=1 0.307*** 0.242* 0.289**
(0.116) (0.130) (0.122)

Control Mean 4.94 4.94 4.94

Kernel Triangular ~ Rectangular ~ Epanechnikov

Bandwidth (km) 10 10 10

N 10412 10412 10412

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Win-

sorized outcomes (1 per cent on both sides, if not in log terms) used. Spec-

ifications control for geographic covariates, segment and agro-climatic zone

fixed effects. Standard errors clustered at the district-segment level.
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Table 32: Robustness to Choice of Kernels: Nonfarm Workers per 100
People

(1) (2) 3)

Reformed Area=1 1.333*** 1.347%* 1.343***
(0.238) (0.243) (0.241)

Control Mean 2.63 2.63 2.63

Kernel Triangular  Rectangular ~ Epanechnikov

Bandwidth (km) 10 10 10

N 10364 10364 10364

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Win-
sorized outcomes (1 per cent on both sides, if not in log terms) used. Spec-
ifications control for geographic covariates, segment and agro-climatic zone

fixed effects. Standard errors clustered at the district-segment level.
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Table 33: Robustness to Choice of Kernels: Log Average Years of

Schooling
(1) (2) (3)
Reformed Area=1 0.063* 0.064* 0.062*
(0.035) (0.034) (0.035)
Control Mean 4.28 4.28 4.28
Kernel Triangular  Rectangular ~ Epanechnikov
Bandwidth (km) 10 10 10
N 9862 9862 9862

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using triangular kernels. Win-
sorized outcomes (1 per cent on both sides, if not in log terms) used. Spec-
ifications control for geographic covariates, segment and agro-climatic zone

fixed effects. Standard errors clustered at the district-segment level.

A.12.8 Different Levels of Clustering

Table 34: Robustness to Different Levels of Clustering: Index of Durable Assets

(1) @) (3) () (5) (6)
Reformed Area=1 0307 0.307 0.307*  0.307* 0.307** 0.307**
(0.116) (0.109) (0.100)  (0.137) (0.137) (0.133)
Control Mean 4.94 4.94 4.94 4.94 4.94 4.94

Level of Clustering  Segment-District ~ No Clustering ~ Segment  District ~ Sub-District =~ Development Block

Bandwidth (km) 10 10 10 10 10 10

N 10412 10412 10412 10412 10412 10412

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms)

used. Specifications control for geographic covariates, segment and agro-climatic zone fixed effects.
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Table 35: Robustness to Different Levels of Clustering: Nonfarm Workers per 100 People

) @) ®3) (4) (5) (6)
Reformed Area=1 1.333" 1.333" 13337 1.333% 1.333%* 1.333%*
(0.238) (0.157) (0.310)  (0.294) (0.274) (0.262)

Control Mean 2.63 2.63 2.63 2.63 2.63 2.63

Level of Clustering ~ Segment-District ~ No Clustering  Segment  District ~ Sub-District ~ Development Block
Bandwidth (km) 10 10 10 10 10 10

N 10364 10364 10364 10364 10364 10364

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms)

used. Specifications control for geographic covariates, segment and agro-climatic zone fixed effects.

Table 36: Robustness to Different Levels of Clustering: Log Average Years of Schooling

1) @) (3) () (5) (6)
Reformed Area=1 0.063* 0.063*** 0.063 0.063 0.063* 0.063*
(0.035) (0.015) (0.040)  (0.043) (0.036) (0.034)

Control Mean 428 4.28 428 4.28 4.28 428

Level of Clustering ~ Segment-District ~ No Clustering ~ Segment  District ~ Sub-District ~ Development Block
Bandwidth (km) 10 10 10 10 10 10

N 9862 9862 9862 9862 9862 9862

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using triangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms)

used. Specifications control for geographic covariates, segment and agro-climatic zone fixed effects.
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A.12.9 Usage of Conley S.E.

Table 37: Robustness to Usage of Conley Standard Errors

(1) 2 (&) (4) (5) (6)
Index of Index of Nonfarm Workers ~ Nonfarm Workers Log Average Log Average
Durable Assets ~ Durable Assets per 100 People per 100 People Years of Schooling ~ Years of Schooling

Reformed Area=1 0.242* 0.242** 1.347% 1.407%** 0.064* 0.066*

(0.130) (0.122) (0.243) (0.316) (0.034) (0.039)
Control Mean 4.94 4.94 2.63 2.63 4.28 4.28
Type of S.E. Clustered S.E. Conley S.E. Clustered S.E. Conley S.E. Clustered S.E. Conley S.E.
Bandwidth (km) 10 10 10 10 10 10
N 10412 10412 10364 10364 9862 9862

Robust standard errors in parentheses
*p<0.10, **p<0.05, ***p<0.01
Local linear regression coefficient estimated using rectangular kernels. Winsorized outcomes (1 per cent on both sides, if not in log terms) used. Specifications

control for geographic covariates, segment and agro-climatic zone fixed effects.
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A.13 Statements related to Caste-Based Stereotyping (Scale of 1-5)

1. On the whole, having political leaders from an upper caste is better for the voters.

2. A university education is more important for a child from an upper caste family than

other children in the village.

3. When jobs (government or private) are scarce, employers should give priority to people of

upper caste families.

4. If Dalit (lowest caste) families earn more money than rest of the village, it’s almost certain

to cause problems.

5. One’s social status is determined by will of god and last life’s deeds, and it should not be

challenged.

6. One’s social status is determined by will of god and last life’s deeds, but it can be changed.

7. Families should ideally pursue professions that the varna/caste system dictates.
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A.14 Treatment Effects on Colonial Governance

A.14.1 Colonial Tax Demands

Mean (Control) Mean (Treatment) Difference p-value

Log of Tax Demand (Cultivable Area) .7908924 71537783 0371141  .6593173

Observations 54

Mean (Control) Mean (Treatment) Difference  p-value

Log of Tax Demand (Overall Area) 2678363 .2857629 -.0179265 .8325507

Observations 54
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A.14.2 Presence of School

Table 38: Outcome: Presence of Colonial School
(Early 20th Century)

(1)
Probability of Colonial
School Presence

Reformed Area=1 0.011
(0.008)
Control Mean .05
Bandwidth 10 km
N 11034

Robust standard errors in parentheses

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

Local linear regression coefficient estimated using tri-
angular kernels. Winsorized outcomes (1 per cent on
both sides, if not in log terms) used. Specifications
control for agro-climatic zone fixed effects. Standard

errors clustered at the district-segment level.
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A.15 Model (Acemoglu and Robinson, 2006)

Consider the following stakeholders in the economy: a group of citizens, with mass normalized
to 1, an incumbent ruler, and an infinite stream of potential new rulers. All agents live infinitely
and maximize the net discounted income, using a discount factor 5. While citizens live infinitely,
rulers, once replaced by a new ruler, receive no utility. In this economy, there is only one good,

which is produced using the following production function.

ye = A (10)

Here, A; is the state of technology at time ¢, such that it also captures the institutional context
that is critical for production. For instance, apart from technological innovation in the literal
sense, A; also captures factors such as rule of law and enforcement of property rights. When a
new change (to the institution of caste, in the case of this paper) is introduced, A rises to aA,
such that @ > 1. The cost of bringing about this change is normalized to zero. In addition,
replacement of the elite with a new group is associated with a cost, so is the process of the
introduction of change. In particular, the cost of replacing the incumbent is zA, whereas the

cost of bringing about change is z’A. The following equations explains the relationship.

Ay = A 1((1—p) (1 + (a— Day)) + pe(1 + (a0 — 1)Fy — 242" — (1 — 24)2)) (11)

In the above equation, x; equals 1 if the change happens at time ¢ under the existing elite,
and zero otherwise. Similarly, ©; equals 1 if the change happens at time ¢ under a new elite,
and zero otherwise. p; equals 1 if the elite is replaced and zero otherwise. The model further
assumes that z and z’ are random variables. They are assumed to be drawn from different
distributions. While z is drawn from the distribution F'V, 2’ is drawn from F’. The model

assumes that F! is first-order stochastically dominated by F. This assumption captures the
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idea that introduction of the change erodes the initial elite’s authority.

As a simplification, the model assumes that F! is a uniform distribution over the interval
[t —1/2, u+1/2]. Similarly, FV is a uniform distribution over the interval [yu —1/2,yu+1/2],
where v > 1. u represents the elite’s political monopoly (or absence of political competition). A
lower p represents low incumbent advantage and vice versa. If y = 0, it implies that there is no
advantage to the incumbent. « represents the said socio-economic change’s potential to erode
elite’s political monopoly. A higher ~, therefore, gives lower incentive to the elite to support

the said change.

Finally, rulers also impose a tax 7T on citizens. The model assumes that citizens have ac-
cess to a non-taxable informal technology that produces (1 — 7)A, thus making any 7" higher

than 7 non-optimal. In the following bullet points, the timing of events is spelled out.
1. Period starts with A;
2. Incumbent makes the decision regarding x;
3. Stochastic costs of replacement- z; and z, are revealed
4. Citizens decide on py
5. If py =1, a new elite comes to power and takes the decision regarding
6. The ruler in power decides T}

Using Bellman equations, the authors then characterize the social planner’s solution as well as

a decentralized equilibrium of the game, which lead to the following propositions.

e The social planner always innovates
e v and innovation are negatively correlated. The effect of p is ambiguous: when p is
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sufficiently small or large (political competition very high or very low), the elites will

always innovate. For intermediate values of u, economic change may be blocked.

Further, after incorporating recurring political rents to the elite R, human capital of the non-elite
h (such that y; = hA;) and possibility of external threats, the following additional propositions

are laid out.

e Political elites are more likely to block economic change when political rents R are high

and human capital h of the non-elite is low.

e Political elites are less likely to block development when there is a severe external threat

and when the perpetrator is more developed.
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A.16 Literacy Levels (1881)

PERCENTAGE LITERATE+UNDER-INSTRUCTION (1881)
Bordering Districts

5%
|

4%
|

As % of Population
2% 3%
| |
——

1%

0%
|

No Yes
Reformed Area or Not?

95% confidence intervals

Figure 43: Literacy Rates in Bordering Districts (1881)
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A.17 The Ultimatum Game

This game is usually played between two players: a Proposer and a Respondent. The surveyor
gives the Proposer an amount to split. The Proposer is supposed to propose a share out of
that amount to Respondent. If accepted by the Respondent, both get the Proposer and the
Respondent get payouts. If the Respondent declines, neither gets anything. The structure of
the game incentivizes both parties to cooperate. Rational agents should accept any non-zero
offer. In the survey, following Kubota et al (2013), I read out 20 random offers from fictitious
proposers to the respondent. The Respondent was told that the Proposer has been asked to
split INR 40 (worth a McDonald’s burger in India) between the two. Across the 20 offers, the

amount and the Proposer’s caste (gauged from the last name) varied.

e Ex.: “Of INR 40, Raj Maurya wants to keep 25 for himself and give you 15”

Respondents were told that if the offer was accepted, both Proposer and Respondent may be
entitled to a payout, otherwise both get nothing. Respondents were asked to respond within 4-6
seconds to avoid cognitive override (Hoffman et al., 1994; Cram et al., 2018). In the following

matrix, the offers made to the respondent have been summarized.

OFFER
INR S INR 10 INR 15
Landed Elite Caste 2 2 3
CASTE OF _
PROPOSER ~ [ntermediatc 2 2 1
Lowest 2 2 2
Placebo 1 1 0

Figure 44: Offers in the Ultimatum Game
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A.18 Treatment Effects on Number of Workers per Economic Establishment

Table 39: Treatment Effects on Number of Workers per Economic Establishment

(2013)
(1) 2 (3)
All Establishments ~ SC/ST Owned ~ OBC Owned

Reformed Area=1 -0.277 -0.121%** -0.244**

(0.105) (0.043) (0.104)
Control Mean 2.15 1.47 1.79
Bandwidth 10 km 10 km 10 km
N 9526 5103 7964

Robust standard errors in parentheses

*p<0.10, ¥*p<0.05, **¥p<0.01

Local linear regression coefficient estimated using triangular kernels. Winsorized out-
comes (1 per cent on both sides, if not in log terms) used. Specifications control for
geographic covariates, segment and agro-climatic zone fixed effects. Standard errors

clustered at the district-segment level.
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B Appendix: Chapter 2
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B.1 Variable Definitions
e Outcome Variables:

— Proportion of Transactions processed during the interval ¢: Number of ben-
eficiary transactions processed within interval ¢ (example: 16-30 days) divided by

total number of beneficiary transactions processed in a GP during FY 2014-15.

— Proportion of Amount processed during the interval ¢: Amount of beneficiary
payments processed within interval ¢ (example: 16-30 days) divided by total amount

of beneficiary payments processed in a GP during FY 2014-15.

e Endogenous Regressors:

— Ratio of GP’s villages connected by PMGSY roads (before FY 2014-15):
Number of villages in a GP connected by a PMGSY road until March 31, 2014

divided by total number of villages in the GP.

— Ratio of GP’s population connected by PMGSY roads (before FY 2014-
15): Number of people in a GP connected by a PMGSY road until March 31, 2014
divided by total number of people in the GP. Village-level population figures are

obtained from the Population Census of 2011.

— Ratio of GP’s population connected by any roads (before 2009): Number of
villages in a GP connected by any paved road as reported in the Population Census

of 2011 (data collected in 2009) divided by total number of villages in the GP.

e Instrument:

— Number of just eligible villages (benchmark bandwidth=50): Total number
of villages in a GP with population 500-550 (for all four states in sample) as per the
Population Census of 2001. In the case of Madhya Pradesh, I also add villages with

population 1000-1050.
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e Covariates (2001):

— Ratio of GP’s villages connected by road before 2001: Weighted average
of the number of villages with road connectivity before the year 2001. A village’s

population as per the Population Census of 2001 is used as its weight.

Ratio of GP’s villages with access to power: Weighted average of the number
of villages with access to power as per the Population Census of 2001. A village’s

population as per the Population Census of 2001 is used as its weight.

Ratio of GP’s villages with access to bank: Weighted average of the number
of villages with access to a bank as per the Population Census of 2001. A village’s

population as per the Population Census of 2001 is used as its weight.

— Ratio of GP’s villages with access to communication facilities: Weighted
average of the number of villages with access to communication facilities as per the
Population Census of 2001. A village’s population as per the Population Census of

2001 is used as its weight.

— Ratio of GP’s villages with access to medical facilities: Weighted average of
the number of villages with access to medical facilities as per the Population Census
of 2001. A village’s population as per the Population Census of 2001 is used as its

weight.

— Distance between GP and nearest town: Weighted average of the distance of
each village in a GP to the nearest town. A village’s population as per the Population

Census of 2001 is used as its weight.

— Ratio of GP’s villages with access to maternity and child welfare centers:

Weighted average of the number of villages with a maternity and child welfare center
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as per the Population Census of 2001. A village’s population as per the Population

Census of 2001 is used as its weight.

— Ratio of GP’s villages with primary school: Weighted average of the number
of villages with a primary school as per the Population Census of 2001. A village’s

population as per the Population Census of 2001 is used as its weight.

— Share of Scheduled Caste/Scheduled Tribe population in GP’s total pop-
ulation: Number of SC/ST people in a GP divided by the GP’s total population,

as per the Population Census of 2001.

— Share of illiterate population in GP’s total population: Number of illiterate
people in a GP divided by the GP’s total population, as per the Population Census

of 2001.

— Ratio of GP’s irrigated to total farm land: Total irrigated land in a GP divided

by the total farmed land in the GP, as per the Population Census of 2001.

— Night Lights: Square root of the weighted average of villages’ total night lights

from 2001, where a village’s 2001 population is its weight.

¢ Distance between GP and Sub-District Headquarters: Weighted average of the
distance of each village in a GP to its sub-district headquarters. A village’s population as

per the Population Census of 2001 is used as its weight.
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B.2 About the Instrument and GP Composition Fixed Effects

As mentioned in the main text, I use the number of just eligible villages (as per 2001 Census) as
instrument for the endogenous regressor, i.e. ratio of villages in GP covered by PMGSY scheme.
As per the national government’s guidelines, three thresholds based on village /habitation popu-
lation were outlined for prioritization of road construction, i.e. 1,000 people, 500 people and 250
people (priority in decreasing order). However, these thresholds were not adhered to uniformly
across the country. The thresholds adhered to in the sample of my states are 500 and 1,000.

Among the four states, the following thresholds were adhered to (Asher and Novosad 2020).

Gujarat (only 500)

Rajasthan (only 500)

Odisha (only 500)

Madhya Pradesh (500 and 1000)

For the benchmark case, I use a bandwidth of 4+ /- 50 people in order to determine whether
villages are just eligible or just ineligible. For the first three states, the situation is straightfor-
ward, i.e., the number of villages in a GP with population 500-550 people is used to predict the
overall proportion of villages in GP connected by PMGSY. However, for Madhya Pradesh, the
number of villages in a GP with population 500-550 as well as 1000-1050 is used to predict the

overall proportion of villages in GP connected by PMGSY.

Note that the final causal effect is determined from the difference observed between compli-
ers on either side of the cut-off, i.e. GPs where just eligible villages get PMGSY vs GPs where
just ineligible villages do not get PMGSY. Therefore, in order to take care of any heterogene-
ity in governance that might come about across GPs with different levels of the 500-threshold

and 1000-threshold villages, I use GP bandwidth composition fixed effects. For instance, all
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GPs are put into categories that suggest the total number of villages (just eligible and just
ineligible) within bandwidth around the 500 point (450-550) and the 1000 point (950-1050).
For states apart from Madhya Pradesh, all GPs fall in one of the following catgeories: one
500-bandwidth village and none 1000-bandwidth village, two 500-bandwidth villages and none
1000-bandwidth village, three 500-bandwidth villages and none 1000-bandwidth village and so
on. For Madhya Pradesh, the categories are more complex, i.e., one 500-bandwidth village and
none 1000-bandwidth village, one 500-bandwidth village and one 1000-bandwidth village, two
500-bandwidth villages and one 1000-bandwidth village, two 500-bandwidth villages and two
1000-bandwidth villages and so on. In my specifications, therefore, I control for fixed effects for

these categories.
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B.3 Placebo Checks
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B.4 Road Quality and Distance from Sub-District HQ

In this section, I regress a variable that equals one if a road built under PMGSY (in a GP) is
made of bitumen or concrete (the preferred materials under PMGSY) on the distance between

the connected GP and district headquarters, and sub-district headquarters.

Table 42: Road Quality by Distance to Sub-District HQ

(1)

Distance from Sub-Distance HQ (km) 0.00045

(0.00043)

N 3733

Robust Standard errors in parentheses

*p<0.10, *¥*p<0.05, ***p<0.01
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B.5 Robustness Check (Different Bandwidths)

Table 43: Robustness Checks for Ratio of Transactions within 15 days

(1) (2) ®3) (4) (5)
Bandwidth=50
(Benchmark) Bandwidth=30 Bandwidth=40 Bandwidth=60 Bandwidth=70

PMGSY Village Coverage 0.025 0.105 0.094 0.034 0.015

(0.078) (0.100) (0.086) (0.069) (0.064)
Control Mean 27 27 27 27 27
Effective F-Stat 77.99 46.22 64.09 98.01 115.34
N 6445 4221 5392 7366 8309

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either
side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.

Table 44: Robustness Checks for Ratio of Transactions within 16-30 days

(1) (2) ®3) (4) ()
Bandwidth=50
(Benchmark) Bandwidth=30 Bandwidth=40 Bandwidth=60 Bandwidth=70

PMGSY Village Coverage 0.129* 0.167* 0.151* 0.078 0.068

(0.070) (0.089) (0.077) (0.063) (0.058)
Control Mean 27 .26 27 .27 27
Effective F-Stat 77.99 46.22 64.09 98.01 115.34
N 6445 4221 5392 7366 8309

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either
side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.
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Table 45: Robustness Checks for Ratio of Transactions within 31-60 days

1)
Bandwidth=50

(2)

(3) (4) (5)

Bandwidth=40 Bandwidth=60 Bandwidth=70

(Benchmark) Bandwidth=30
PMGSY Village Coverage -0.125* -0.127 -0.122 -0.110* -0.057
(0.071) (0.091) (0.078) (0.063) (0.058)
Control Mean 24 24 .23 24 .24
Effective F-Stat 77.99 46.22 64.09 98.01 115.34
N 6445 4221 5392 7366 8309

Robust Standard errors in parentheses

*p<0.10, ¥¥p<0.05, ***p<0.01

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.

Table 46: Robustness Checks for Ratio of Transactions within 61-90 days

(1)

Bandwidth=50

(2)

(3) (4) (5)

Bandwidth=40 Bandwidth=60 Bandwidth=70

(Benchmark) Bandwidth=30
PMGSY Village Coverage 0.007 -0.003 -0.009 -0.006 -0.005
(0.048) (0.062) (0.053) (0.044) (0.041)
Control Mean 1 1 1 .1 1
Effective F-Stat 77.99 46.22 64.09 98.01 115.34
N 6445 4221 5392 7366 8309

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.
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Table 47: Robustness Checks for Ratio of Transactions beyond 90 days

1)
Bandwidth=50

(2)

®3) (4)

Bandwidth=40 Bandwidth=60

()

Bandwidth=70

(Benchmark) Bandwidth=30
PMGSY Village Coverage -0.036 -0.142 -0.114 0.003 -0.021
(0.065) (0.087) (0.072) (0.058) (0.054)
Control Mean 12 12 13 12 12
Effective F-Stat 77.99 46.22 64.09 98.01 115.34
N 6445 4221 5392 7366 8309

Robust Standard errors in parentheses

*p<0.10, ¥¥p<0.05, ***p<0.01

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.

Table 48: Robustness Checks for Ratio of Amount Processed within 15 days

(1)

Bandwidth=50

(2)

®3) (4)

Bandwidth=40 Bandwidth=60

()

Bandwidth=70

(Benchmark) Bandwidth=30
PMGSY Village Coverage 0.026 0.104 0.092 0.040 0.022
(0.078) (0.100) (0.086) (0.070) (0.064)
Control Mean 27 27 27 27 27
Effective F-Stat 78.24 46.49 64.33 98.03 115.13
N 6444 4220 5391 7365 8307

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.
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Table 49: Robustness Checks for Ratio of Amount Processed within 16-30 days

1) (2) 3)
Bandwidth=50

(Benchmark) Bandwidth=30 Bandwidth=40

(4)

Bandwidth=60

()

Bandwidth=70

PMGSY Village Coverage 0.154** 0.183** 0.174** 0.097 0.085
(0.071) (0.090) (0.078) (0.063) (0.059)
Control Mean 27 27 27 27 27
Effective F-Stat 78.24 46.49 64.33 98.03 115.13
N 6444 4220 5391 7365 8307

Robust Standard errors in parentheses

*p<0.10, ¥¥p<0.05, ***p<0.01

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.

Table 50: Robustness Checks for Ratio of Amount Processed within 31-60 days

(1) (2) 3)
Bandwidth=50

(Benchmark) Bandwidth=30 Bandwidth=40

(4)

Bandwidth=60

()

Bandwidth=70

PMGSY Village Coverage -0.146** -0.140 -0.140* -0.125* -0.080
(0.071) (0.091) (0.079) (0.064) (0.058)
Control Mean .24 24 .23 24 .24
Effective F-Stat 78.24 46.49 64.33 98.03 115.13
N 6444 4220 5391 7365 8307

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either

side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.
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Table 51: Robustness Checks for Ratio of Amount Processed within 61-90 days

(1) (2) ®3) (4) ()

Bandwidth=50
(Benchmark) Bandwidth=30 Bandwidth=40 Bandwidth=60 Bandwidth=70

PMGSY Village Coverage 0.001 -0.017 -0.019 -0.011 -0.005
(0.048) (0.062) (0.053) (0.045) (0.041)
Control Mean 1 1 1 1 1
Effective F-Stat 78.24 46.49 64.33 98.03 115.13
N 6444 4220 5391 7365 8307

Robust Standard errors in parentheses

*p<0.10, ¥¥p<0.05, ***p<0.01

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either
side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.

Table 52: Robustness Checks for Ratio of Amount Processed beyond 90 days

(1) (2) ®3) (4) ()

Bandwidth=50
(Benchmark) Bandwidth=30 Bandwidth=40 Bandwidth=60 Bandwidth=70

PMGSY Village Coverage -0.036 -0.132 -0.108 -0.002 -0.023
(0.065) (0.085) (0.072) (0.058) (0.054)
Control Mean 12 12 12 12 12
Effective F-Stat 78.24 46.49 64.33 98.03 115.13
N 6444 4220 5391 7365 8307

Robust Standard errors in parentheses

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

Controls include number of villages, and fixed effects for districts and composition of number of villages within the bandwidth (on either
side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of SC/ST population and

weighted averages of village-level indicators such as banking, medical and educational facilities, night lights, access to power, road access

pre-2001 and distance to nearest town with village population being used as weights.
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B.6 Single Habitation Villages Only

Table 53: 2SLS Estimates with Number of Just Eligible Villages Within Bandwidth as IV (Bandwidth=50)

(1) (2) (3) (4) (5)
Ratio of Ratio of Ratio of Ratio of Ratio of
Transactions Within ~ Transactions  Transactions  Transactions  Transactions

15 days 16-30 days 31-60 days 61-90 days $90 days
PMGSY Village Coverage 0.043 0.157** -0.135* -0.052 -0.012

(0.083) (0.076) (0.079) (0.056) (0.077)
Control Mean .24 .26 .25 A1 .14
Kleibergen-Paap F-Stat 55.96 55.96 55.96 55.96 55.96
Cragg-Donald F-Stat 54.46 54.46 54.46 54.46 54.46
Effective F-Stat 55.96 55.96 55.96 55.96 55.96
N 4064 4064 4064 4064 4064

Robust standard errors in parentheses

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

Sample includes GPs with only single habitation villages in the states of Rajasthan, Gujarat, Odisha and Madhya Pradesh. Outcome

variable is the percentage of transactions processed within given time periods. Controls include number of villages, and fixed effects

for districts and composition of number of villages within the bandwidth (on either side). Baseline GP-level controls (2001) include

population literacy levels, proportion of irrigated land, proportion of SC/ST population and weighted averages of village-level

indicators such as banking and educational facilities, night lights, road access pre-2001 and distance to nearest town with village

population being used as weights.

172



Table 54: 2SLS Estimates with Number of Just Eligible Villages Within Bandwidth as IV (Band-
width=50)

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

Ratio of Ratio of Ratio of Ratio of Ratio of
Amount Within Amount Amount Amount Amount
15 days 16-30 days  31-60 days  61-90 days ;90 days
PMGSY Village Coverage 0.055 0.164** -0.149* -0.059 -0.009
(0.083) (0.077) (0.079) (0.056) (0.077)
Control Mean .24 .26 .25 A1 14
Kleibergen-Paap F-Stat 56.17 56.17 56.17 56.17 56.17
Cragg-Donald F-Stat 54.66 54.66 54.66 54.66 54.66
Effective F-Stat 56.17 56.17 56.17 56.17 56.17
N 4063 4063 4063 4063 4063

Robust standard errors in parentheses

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

Sample includes GPs with only single habitation villages in the states of Rajasthan, Gujarat, Odisha and Madhya
Pradesh. Outcome variable is the percentage of amount processed within given time periods. Controls include
number of villages, and fixed effects for districts and composition of number of villages within the bandwidth
(on either side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land,
proportion of SC/ST population and weighted averages of village-level indicators such as banking and educational
facilities, night lights, road access pre-2001 and distance to nearest town with village population being used as

weights.
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B.7 Impact of Roads on Volume of MGNREGA Transactions and Amount)

Table 55: Treatment Effect on MGNREGA Transactions (Bandwidth=>50)

Log Number of Transactions Log Amount

(1) 2) ®3) (4) (5) (6) (7) 8)
All Tertile-1 Tertile-2 Tertile-3 All Tertile-1 Tertile-2 Tertile-3
PMGSY Village Coverage 0.301 0.432 0.049 0.336 0.307 0.254 -0.138 0.517
(0.363) (0.513) (0.615) (0.662) (0.377) (0.508) (0.634) (0.692)
Control Mean 988.26 916.62 1040.7 1017.79 8.88 8.43 9.27 9.01
Effective F-Stat 61.53 18.34 14.26 12.9 61.65 18.54 14.26 12.9
N 6445 2110 2313 1961 6444 2109 2313 1961

Robust Standard errors in parentheses

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

Control mean for amount of money processed in Columns (5)-(8) is in INR lakhs (00,000). Controls include number of villages, and fixed effects for districts and composition
of number of villages within the bandwidth (on either side). Baseline GP-level controls (2001) include population literacy levels, proportion of irrigated land, proportion of

SC/ST population and weighted averages of village-level indicators such as banking and educational facilities, night lights, road access pre-2001 and distance to nearest town

with village population being used as weights.
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C Appendix: Chapter 3
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C.1 States in Sample and Variable Definitions

C.1.1 States in Sample

e * For Delhi, I consider 2013 and 2015 because of a peculiar scenario where owing to an
unclear mandate, Delhi, after the assembly election in late 2013, witnessed President’s

rule for almost a year and a fresh round of polls was conducted in early 2015.

e ** Because of Jammu and Kashmir’s erstwhile special status as a state, elections used to

be held every 6 years there.

e *** The state of Telangana was created in 2014. However, pooling the districts that now

comprise Telangana, I used it as a state even in 2009.
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Year | Year
“t” “t_+_177
Andhra Pradesh 2009 2014
A 2001 2006
ssam 2011 | 2016
Bihar 2010 2015
Delhi* 2013 2015
G 2002 2007
oa 2012 | 2017
Harvana 2000 2005
atyan 2009 | 2014
Jammu & Kashmir** | 2008 2014
Jharkhand 2009 2014
Karnataka 2008 2013
2001 2006
Kerala 2011 | 2016
Maharashtra 2009 2014
Odisha 2009 2014
Puducherry 2001 2006
. 2002 2007
Punjab 2012 | 2017
. 2001 2006
Tamil Nadu 2011 2016
Telangana™** 2009 2014
2002 2007
Uttar Pradesh 92012 2017
2001 2006
West Bengal 2011 2016

Table 56: Description of Sample
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C.1.2 Control Variables

e National Party=INC?: Whether the national party in question is the Indian National
Congress (INC) or not. If it is the BJP (the second of the 2 national parties), this variable

equals zero.

e Winner SC/ST (t)?: Whether the winning candidate at baseline (t) belonged to socially

disadvantaged groups (Scheduled caste or scheduled tribe).

e Runner-up SC/ST (t)?: Whether the runner-up at baseline (t) belonged to socially

disadvantaged groups (Scheduled caste or scheduled tribe).

e Winner female (t)?: Whether the winning candidate at baseline (t) was a female or

not.

e Runner-up female (t)?: Whether the runner-up candidate at baseline (t) was a female

or not.

e Turnout percentage (t): Percentage of total voters who came out to vote during elec-

tion cycle e;.

¢ Effective number of parties (t): Effective number of parties derived from vote shares

of each candidate in a constituency.

e Number of candidates (t): Number of candidates contesting the election during e;.

e SC Reserved constituency?: Whether the constituency is reserved for representatives

belonging to scheduled castes or not.

e Elevation: Average elevation of the constituency. Elevation data is from SRTM (Shuttle
Radar Topography Mission) at 1-arc second resolution. Its Digital Object Identifier (DOI)

number is /10.5066/F7PR7TFT.
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Ruggedness: Average ruggedness of the constituency. The ruggedness measure TRI is
constructed from the elevation data using the method from Riley et al (1999), and used
by Nunn and Puga (2012) “Ruggedness: The Blessing of Bad Geography in Africa”. The
TRI expresses the elevation difference between adjacent pixels. It is the square root of the
mean squared difference in elevation values between a pixel and the eight cells immediately

surrounding it.

Percentage employed (1998): Percentage of electors employed in economic establish-
ments (except government administration, national defense and agriculture) in a con-

stituency.

Winner’s age (t): Age of the winner during election cycle e;.

Runner-up’s age(t): Age of the runner-up during election cycle e;.

Number of electors (t): Total number of electors in a constituency (those who voted

plus those who did not) during election cycle e;.
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