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Abstract

When do politicians prompt bureaucrats to provide effective services? Leveraging
the uneven overlap of jurisdictions in India, we compare bureaucrats supervised by a
single political principal with those supervised by multiple politicians. With an original
dataset of nearly half a million villages, we find that implementation of India’s National
Rural Employment Guarantee Scheme, the largest employment program in the world,
is substantially better where bureaucrats answer to a single politician. Regression
discontinuity estimates help increase confidence that this result is causal. Our findings
suggest that politicians face strong incentives to motivate bureaucrats as long as they
internalize the benefits from doing so. In contrast to a large literature on the deleterious
effects of political interventions, our results show that political influence may be more
favorable to development than is commonly assumed.
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Introduction

Poor and uneven implementation of development programs is a significant problem in de-

veloping countries where governments provide essential goods and services (Bank, 2004;

Pritchett, Woolcock, and Andrews, 2010). The politician - bureaucrat relationship is critical

in explaining micro-variation in such programs. A broad political economy literature is split

as to whether the influence of politicians is a blessing or a curse. On clientelism, vote buying

and political favoritism more generally, much recent literature identifies politicians as part

of the problem rather than the solution.1 Alternatively, a basic tenet of democratic theory

holds that electoral accountability motivates politicians to get bureaucrats to do their jobs.2

A more nascent literature attempts to identify conditions under which politicians, in line

with their role as representatives of citizens, more effectively bring public services to citizens

(Rogger, 2014; Fujiwara, 2015). This paper contributes to this literature by arguing that

service delivery functions better when politicians are able to internalize the electoral benefits

of their effort in motivating bureaucrats.

We begin by presenting micro-level causal evidence that political incentives shape the im-

plementation of a key large-scale development program. Unpacking the relationship between

politicians and bureaucrats is ordinarily hard because well-performing politicians might be

different on several important dimensions like experience (Ferraz and Finan, 2011a; Alesina,

Troiano, and Cassidy, 2015) and motivation (Ferraz and Finan, 2011b). As a result, many

studies identify changes in political incentives by studying differences between politicians,

such as political affiliation or by using term limits (Besley and Case, 1995; Alt, Bueno de

Mesquita, and Rose, 2011; Callen et al., 2014; Nath, 2015). By contrast, we isolate variation

1Scholars with a Weberian view of bureaucracy are skeptical that increased political oversight will im-
prove outcomes (Knott and Miller, 2006), preferring restrictions on political interference on the bureaucracy
(Andrews and Montinola, 2004; Falaschetti and Miller, 2001). See Hicken (2011) for a review of political
interference and clientelism.

2Studies in support argue that democratic governments perform better at providing services than other
forms of government (Baum and Lake, 2003; Martinez-bravo et al., 2013; Ross, 2006; Bueno de Mesquita
et al., 2005; Harding and Stasavage, 2014).
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in individual incentives within a politician’s constituency to study service delivery.3

We focus on the Indian context, a country with a multiplicity of bureaucratic and political

boundaries. Electoral and bureaucratic boundaries, overlap in a haphazard fashion, which

not only creates challenges for the smooth implementation of government schemes, but also

an opportunity to study how politicians influence the service delivery process. We leverage

this haphazard overlap of boundaries, whereby some politicians have undivided influence

over a bureaucratic area (unsplit), while others oversee a bureaucratic area that spills over

into multiple politicians’ constituencies (split).

We use this setup to study the implementation of the world’s largest public employment

program: the National Rural Employment Guarantee Scheme (NREGS) (Zimmerman, 2014).

NREGS, with an annual cost to the government of approximately US$6 billion, is a social

protection scheme designed to guarantee 100 days of minimum-wage employment, every year,

for each rural household in the country. Despite its promise, government implementation of

NREGS is dramatically irregular, as shown in Figure 2.

We argue that politicians face strong incentives to motivate bureaucrats to improve the

implementation of local development schemes, like NREGS, when they can internalize the

electoral benefits of doing so. We build on existing research on democratic accountability

through politician-bureaucrat relations, often theorized through a principal agent framework.

In our setting, when bureaucratic areas are wholly contained within political constituencies,

politicians enjoy the full return on their efforts motivating bureaucrats. By contrast, when

bureaucratic areas fall into more than one constituency, politicians are less likely to gain

electoral support from motivating their local bureaucrat to improve service delivery. Our

simple prediction is consistent with a growing theoretical literature on multiple principals

(or common agency) problems (Martimort, 1996; Dixit, 1997; Gailmard, 2009).

To test our prediction, we compare within politician variation in NREGS implementation

in split and unsplit bureaucratic areas, using OLS and geographic regression discontinuity

3Few studies take this approach. One example is Aidt and Shvets (2012) who study the relationship
between electoral incentives and parochial spending.
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models. We find statistically precise evidence that villages located in bureaucratic areas

under a single political constituency experience substantially better NREGS outcomes in

employment opportunities, as compared to villages located in bureaucrat areas that are split

across multiple political constituencies. In bureaucratic blocks wholly contained within a

single state assembly constituencies, we find: (1) the number of days people work under

NREGS is 9 percent higher, and (2) the total number of people employed in NREGS is

7 percent higher. We show that these results are not driven by imbalance between split

and unsplit blocks on a large number of covariates from a pre-treatment census, including

differences in unemployment, social and economic factors, or government infrastructure.

Additionally we show that the magnitude of the effect increases as the number of politicians

with whom the block is split increases. Put another way, service delivery worsens as the

number of principals increases.

Guided by literature, we unpack how and why the multiple principal institutional setting

may lead to worse development outcomes. We develop three mechanisms linking politi-

cian incentives to bureaucrat behavior in the multiple principal versus single principal case.

First, politicians are motivated to pressure bureaucrats if they are better able to claim credit

from any changes in service delivery. They are able to do this better when a bureaucrat

is under their sole influence. According to this logic, development program implementation

improves when politicians internalize the electoral benefit of their monitoring effort. Second,

in multiple principal settings, politicians have an incentive to free ride on the monitoring

of other politicians as the benefits of monitoring, in terms of bureaucratic effort to imple-

ment development programs, spillover between constituencies. Third, development program

implementation is better in the single principal case because the politician enjoys greater

bureaucratic control without the competition or interference of other politicians.

To adjudicate between these three mechanisms we analyze three additional empirical

tests. First, focusing on bureaucrats split between two politicians, we find that NREGS out-

comes worsen when the two politicians belong to different parties. This finding is consistent

4



with both the credit claiming and bureaucratic control mechanisms, but not the free riding

mechanism. Second, we examine the difference in outcomes between split and unsplit blocks

as the political value of the block increases. We find that as the political importance of an

area increases, the difference in development outcomes between split and unsplit blocks at-

tenuates. We find this test to be consistent with only the credit claiming mechanism. Third,

we examine politicians belonging to the Indian National Congress (INC), a party credited

with the introduction of NREGS. We find that NREGS performance is better when an INC

politician barely wins an election. We also show that the effect of a split bureaucrat atten-

uates significantly when the politician belongs to INC. This test shows that INC politicians

are better able to claim credit for successful program implementation. When then explore

if INC politicians in INC states further attenuate the effect of split, which would provide

evidence of the bureaucratic control mechanism, but find only weak evidence in support of

this channel.

Finally, we evaluate four alternative explanations for why we observe worse NREGS

performance in split blocks. First, we compare our main outcome of interest - employment

records - with NREGS financial flows. This comparison allows us to assess the possibility

that better performance in unsplit areas in fact reflects collusion between politicians and

bureaucrats in split blocks which does not leave beneficiaries better off. Second, we examine

whether the strategic manipulation of electoral boundaries explains our results. Third, we

consider the possibility that politicians selectively transfer poorly-performing bureaucrats to

split blocks. Fourth, we probe whether the impact of split is driven by rural, peripheral,

areas where the Indian state may struggle to exert its influence. We do not find support for

any of these alternate explanations.
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Existing Literature and Theoretical Predictions

Despite the expectation that bureaucrats regularly shirk (Brehm and Gates, 1997), re-

searchers have identified conditions under which politicians are able to both delegate to

bureaucrats and hold them accountable (Huber, 2000; Lupia and McCubbins, 2000; Lupia,

203; Strøm, 2000). In this section we review relevant extant literature to answer the question:

under what conditions do politicians motivate bureaucrats to improve the implementation

of development programs? To answer this question, we study variation in political influence

over bureaucrats, as this affects both the efficiency with which political effort translates into

bureaucratic action and also how effectively politicians extract electoral benefits. In this

sense, our view contrasts with a Weberian notion of the bureaucracy where political inter-

ference is as an efficiency undermining phenomenon (Miller, 2000; Andrews and Montinola,

2004; Knott and Miller, 2006).

Consider two actors: politicians and bureaucrats. Politicians exert effort to monitor

bureaucrats, subject to the cost they bear from that effort. More bureaucratic effort trans-

lates into better development program implementation, which increases votes for incumbent

politician. Politicians monitor bureaucrats until the marginal benefit of monitoring equals

the marginal cost. Bureaucrats are agents who dislike exerting effort towards their jobs, but

are motivated to work by politicians who may take punitive action against them (Becker

and Stigler, 1974).

Politicians either have sole influence over a bureaucrat, or share influence with other

politicians. Our objective is to compare the implementation of development programs un-

der these two institutional arrangements illustrated in Figure 1. There are several reasons

to expect outcomes to be worse in the multiple principal case: politicians may share the

benefits of each others’ monitoring effort leading to free-riding problems, they may find it

harder to claim credit for bureaucratic effort in such common jurisdictions, or they may face

coordination problems with other politicians to exert sufficient influence over bureaucrats

to make them work. Given these reasons, politicians working under a budget constraint
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will prefer to exert greater effort towards bureaucrats under their sole influence. They will

continue to do so until the net marginal return from monitoring that bureaucrat equals the

net marginal return from monitoring a bureaucrat with divided influence. As a result, bu-

reaucrats with divided influence receive less political monitoring, leading to worse program

implementation.4

FIGURE 1 about here

This claim is supported by a growing body of formal theoretical research in political sci-

ence and economics that links the multiple principal institutional arrangements with worse

governmental performance. Dixit identifies ‘common agency’ or multiple principal institu-

tional arrangements as an obstacle for politicians who aim to provide incentives to agents

(Dixit, 1997, 378).5 Analyzing the case of two regulatory agencies overseeing a firm, Marti-

mort argues that the presence of multiple regulatory agencies can decrease societal welfare

because agencies free ride on each other’s effort (Martimort, 1996, 677). Gailmard (2009)

develops a similar intuition and argues that the overlap of political oversight for a bureaucrat

will not necessarily increase the effectiveness of that oversight, as each individual politician

faces collective action problems when monitoring the bureaucrat. Finally, comparing parlia-

mentary and presidential institutions that oversee bureaucratic performance, Strøm (2000)

discusses the ‘problem of diverted accountabilities’ in parliamentary systems where a mul-

tiplication of principals makes political accountability harder. Given this literature, we can

make the following prediction for empirical analysis:

• Prediction: Development program implementation is worse where multiple politicians

oversee the local bureaucrat.
4An additional politician overseeing a bureaucrat can have both a direct effect in terms of an increase in

total monitoring, as well as an indirect effect in terms of decrease in total monitoring because of free-riding,
credit claiming and bureaucratic control issues we discuss in this section. While our empirical results suggest
that the indirect channel is stronger, in Appendix A we discusses how higher monitoring through the direct
channel may not be sufficient to make bureaucrats work harder. Regardless of this possibility, the presence
of the direct channel should bias any results we find on the indirect channel towards zero.

5Common agency problems refer back to Bernheim and Whinston (1986). For a more complete review
of the literature on multiple principals see (Gailmard, 2009, 164).
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Existing research points to several channels that can explain how multiple principal institu-

tional arrangements lead to worse service provision. We discuss three: (1) credit claiming,

(2) free riding, and (3) bureaucratic control.

Credit Claiming

The ability to claim credit for services provided to constituents is important for politicians

(Grimmer, Messing, and Westwood, 2012; Weaver, 1986). When bureaucrats report to multi-

ple politicians, it is harder for politicians to claim effort for the work that bureaucrats put in

towards development program implementation. This can be for several reasons. Voters may

find it harder to attribute credit when multiple politicians oversee the bureaucrat. Politicians

may also find it difficult to convince voters that the effort of bureaucrats is determined by

the amount of effort politicians put in. Therefore, relative to areas under their sole control,

politicians will have weaker incentives to motivate bureaucrats to perform when they also

report to other politicians. This logic is consistent with a substantial body of research cover-

ing the United States and Europe on the conditions under which politicians will more easily

claim credit for improving access to government services (Cain, Ferejohn, and Fiorina, 1987;

Fiorina and Noll, 1978b,a; Golden, 2003).

Free Riding

Martimort (1996) shows that when multiple principals oversee a single agent, there exist

incentives to free ride on the monitoring effort of other principals when the benefits of

monitoring spillover between principals. Gailmard (2009) explains a similar logic when

monitoring of bureaucrats can lead to information spillovers between politicians. Under such

circumstances, each politician prefers to monitor the bureaucrat to a lesser degree, relying

on the monitoring of other bureaucrats to provide them information about the bureaucrat.

In our case, when the electoral benefits of bureaucratic effort are shared across multiple

politicians, politicians will face an incentive to free ride on the monitoring of other politicians.
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This means that politicians will instead prefer to exert more effort towards bureaucrats under

their sole influence.

Bureaucratic Control

Dixit shows that if more than one principal influence the agent and the principals have dif-

ferent preferences, then it will be more difficult for the principals to encourage the agents to

respond to incentives as agents may play multiple principals off against each other (Dixit,

1997, 378). The notion that politicians will be likely to control the behavior of bureaucrats

where they are able to is consistent with a classic study from the Indian context. In it,

(Wade, 1985, 467-468) argues that India’s system of bureaucratic transfers allows politi-

cians to better control bureaucrats within their jurisdictions than if there were a difficult

mechanism of bureaucratic transfer between posts.6 New research on India’s bureaucratic

transfer system identifies how politician’s electoral pressures influences bureaucrats’ career

investments, and we will offer some original empirical analysis of this system when assessing

alternative explanations below.

Politicians, Bureaucrats and NREGS

This section details the context of our study. First, we provide background information on the

NREGS employment program, block-level bureaucrats and their administrative boundaries,

as well as state parliamentarians and their electoral constituencies. Second, we explain why

politicians care about implementing NREGS, and how they are able to motivate bureaucrats

who are critical to improving NREGS implementation.

6For additional analysis of this bureaucratic transfer system, see de Zwart (1994).
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A National Employment Guarantee

NREGS, the worlds largest employment program, is designed to respond to villagers’ needs

for minimum-wage employment in rural areas.7 The program is specifically designed as a

social protection program for rural areas across India. It does this by hiring unemployed

laborers in rural communities for up to 100 days per annum at minimum wage to work on

building public goods like wells, ponds, gravel roads, and dams. The program has succeeded

in increasing rural wages, created opportunities for women to work outside the home, re-

duced (economic) distress migration, and smoothed economic insecurity during drought or

other economic downturns (Dutta et al., 2014; Khera, 2011; Muralidharan, Niehaus, and

Sukhtankar, 2016; MoRD, 2013, 2014). Despite these meaningful impacts, NREGS imple-

mentation is extremely uneven (Ministry of Rural Development, 2013; Planning Commission

of India, 2014). According to our data from across India, the top decile of households work

98 days per year while the bottom decile work 17. As shown in Figure 2, NREGS imple-

mentation exhibits tremendous variation across regions, states, but also very small areas.

FIGURE 2 about here

Administrative Boundaries and Bureaucrats

Successful implementation of NREGS depends critically on bureaucrats and politicians. In-

dia’s administrative divisions divide the country into states, which contain districts, blocks,

village-clusters, and villages. Within the states, rural development policy is led by the Chief

Minister and the Minister of Rural Development. Locally, District Collectors and Block

Development Officers (BDOs) (who head districts and blocks respectively) are the critical

bureaucrats for the implementation of development schemes. Note while elsewhere in this

paper we refer to the block-level ”bureaucrat”, this is shorthand for the combined efforts of

bureaucrats at the block level, who are led by the BDO.

7Note the program, by design, excludes cities.
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This paper focuses on BDOs who are the most important bureaucrat at the local level in

rural areas. The BDO position was established across India with the commencement of the

Community Development program in 1952. The creation of development blocks was intended

to facilitate agricultural production and the implementation of welfare schemes in rural

areas (Karunaratne, 1976; Arora and Goyal, 2005). BDOs are responsible for implementing

development programs for an average of 150,000 residents. They also oversee government

schemes including old age pension, housing programs for the poor, and public distribution

of food.

BDOs influence the quality of NREGS implementation not simply by approving docu-

ments, but by generating new projects and selecting where they will be located.8 These

duties include selecting public works to be completed, publicizing the opportunity for work,

verifying applications and maintaining a register of villagers desiring work, monitoring work-

sites, scrutinizing and approving payroll records for completed work, as well as accepting and

addressing the grievances of scheme participants (Aiyar and Samji, 2009; Datar, 2007; Dutta

et al., 2014; Khera, 2011). Appendix Figure A2 shows a flowchart of NREGS operational

implementation.9 In addition, BDOs also retain significant discretion regarding thirty per-

cent of NREGS funds that are allocated for use at the block level (Raabe, Sekher, and

Schiffer, 2010). This makes BDOs responsible for roughly US$1.9 billion in NREGS funds

in 2012-13.10 Researchers have also signaled towards the importance of BDOs in NREGS

implementation by citing frequent transfer and absence of block officials as a important

variable explaining variation in NREGS implementation (Chathukulam and Gireesan, 2008,

101). Finally, BDOs also play a critical role in the extent to which they choose to safeguard

NREGS from corruption. While BDOs are tasked with maintaining program safeguards,

they have also been identified as part of a corruption nexus implicating both bureaucrats

8In some areas these duties are performed by Block Programme Officers (BPOs). We describe the roles
of BPOs and BDOs in detail in Appendix E.

9Figures labeled A# can be found in the online appendix.
10Calculated as follows: (Rs 400 billion outlay in 2012-13 x 0.3 share possible at block level) / 62 rate of ex-

change. Rs. 400 retrieved from NREGS briefing book: http://nrega.nic.in/Netnrega/WriteReaddata/

Circulars/Briefing_booklet13.pdf.
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and local politicians(Khera, 2011). Previous studies have identified cases where politicians

have protected corrupt BDOs (Bhatia and Dreze, 2006, 3201).

Electoral Boundaries and Politicians

India is the world’s most populous democracy, with more than 700 million voters. The Indian

electoral system was put in place by the 1950 constitution, which initiated both a national

Parliament of India (Lok Sabha) as well as State Assemblies (Vidhan Sabha). Members of

Parliament are elected to the central government’s most powerful lower house chamber, while

Members of the Legislative Assembly (MLAs) are elected to the state parliaments. Elections

are conducted by the nonpartisan Election Commission, staffed by career bureaucrats who

are required to be politically neutral (for example, they may not be affiliated with political

parties) (Iyer and Reddy, 2013).

The boundaries of both national and state parliamentary constituencies are determined

by India’s Delimitation Commission. These boundaries have been drawn and redrawn

through Delimitation Acts in 1952, 1963, and 1973 following each decennial census, be-

fore a halt in 1977. Boundaries were again redrawn by order of the Delimitation Act of 2002,

began in 2004 by the Delimitation Commission and was completed and implemented in

2008 (Alam, 2010, 65). The Delimitation Commission adjusts the boundaries of parliamen-

tary and assembly constituencies to account for change in population growth. As directed

by the Indian Census (Article 81(b)), the Delimitation Commission’s primary objective is

to divide territory into constituencies with equal populations (within states) (Alam, 2010).

Iyer and Reddy (2013) conducted a detailed analysis of this redistricting process for the

states of Andhra Pradesh and Rajasthan and found little evidence of systematic political

manipulation over the redistricting process.

India state-level parliamentarians, Members of the Legislative Assembly (MLAs), care

about NREGS because they can use the program to win votes. MLAs are elected to 5-year

terms from typically highly competitive single member districts (that contain, on average,

12



400,000 individuals). MLA elections are typically hotly contested, and researchers have noted

an incumbency disadvantage throughout the country (Uppal, 2009; Ravishankar, 2009). For

MLAs, NREGS and welfare schemes function as “election winning devices” (Maiorano, 2014,

95). This is because NREGS is funded jointly through central and state government budgets

but projects are implemented at the village level, where local politicians have an opportunity

to claim credit for the quality of the program’s implementation.

By manipulating the implementation of NREGS, MLAs can redirect relatively large sums

of money towards their voters. To see the relative monetary value of NREGS, consider the

states of Andhra Pradesh, a NREGS success story, and Jharkhand, a relative failure. A sim-

ple comparison of MLAs in two states makes clear the few resources typically at an MLA’s

disposal and the vast resources available through NREGS. In Jharkhand, MLAs have access

to discretionary funds of US$480,000 and in Andhra Pradesh only US$180,000. By con-

trast, NREGS expenditure in 2013 was US$3.2 million per constituency in Andhra Pradesh

and US$1.4 million per constituency in Jharkhand. In other words, NREGS expenditure

amounted to three times the discretionary funds in Jharkhand and 20 times in Andhra

Pradesh (MoRD, 2013).

NREGS and the Politician-Bureaucrat Link

Politicians value how bureaucrats can help them win votes (Aiyar and Samji, 2009; Maiorano,

2014), while bureaucrats value the protection and benefits a politician can provide to their

employment (Khera, 2011; Murray, 2015; Wade, 1985). Though politicians officially play

little to no role in NREGS implementation, in practice their pressure may dramatically

improve service delivery. Theoretically, villagers demand work as desired, local bureaucrats

promptly assign villagers to nearby worksites, and villagers have their earnings automatically

deposited into bank accounts. In practice, however, villagers’ access to NREGS dependents

on whether or not local state machinery functions to provide opportunities for villagers,

which in turn depends on the motivation of local politicians (Datar, 2007, 3457).
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MLAs affect NREGS operations in several ways. MLAs influence the appointment of

field officers (hired on a contract basis), who implement NREGS at the village level. MLAs

pressure the local administration to provide work in their constituencies, and even target

certain blocks rather than others within that constituency (Maiorano, 2014, 97, 103). MLAs

may manipulate the selection of works (Aiyar and Samji, 2009, 35), lobby for certain projects

that are more visible or target politically valuable communities. In addition to generating

work, BDOs may shelve projects in specific local areas if considered undesirable to an MLA

they support (Maiorano, 2014, 98-101).

MLAs work with BDOs to influence NREGS and other welfare schemes. For instance

Murray (2015) shows how MLAs in India influence BDO implementation of India’s Public

Distribution System, a food subsidy program. Historically, MLAs ally with bureaucrats and

local contractors in a ‘corruption nexus’ where valuable development contracts are exchanged

for local support and votes (Witsoe, 2012, 116). In exchange for assisting MLAs, Block

officials gain a powerful political ally. MLAs can protect BDOs from an unwanted transfer,

a bottom-up social audit, or fines for violations of the NREGS Act (Khera, 2011, 267).

A National, Village-Level, Dataset

In this section we describe the process we undertook to build a village-level dataset for all

of India by combining village-level census and village-cluster level data on NREGS with

electoral constituency boundaries. The principal building blocks of the data are the 2001

Indian Census, the post 2008 delimitation electoral boundaries and NREGS employment

data for 2013.

Spatial Data on Census Blocks and Villages

We obtained spatial data on the state assembly constituencies, blocks, and villages from the

Indian Census. These data contain the geographic borders of all state assembly constituencies
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(N = 4, 122) and blocks (N = 6, 348) in India. These files also contain information on either

the spatial boundary or the centroid of all villages as reported in the 2001 census of India

(N ≈ 628, 000). Besides spatial data, we also obtained, at block and village levels, the 2001

census variables related to population, socio-economic measures, government services, and

infrastructure.

Electoral Constituencies

We collected assembly constituency-candidate level electoral records on state parliamentary

elections from the Election Commission of India (2014). In the sample of state assembly

elections we analyze from 2008-2012, turnout averages 70%, winning candidates gain 44% of

the vote, and hold a winning margin of 11% over the runner-up candidate.

NREGS Work

We obtained NREGS data at the most micro level from the official website of NREGS.11

We downloaded these gram panchayat (village cluster) level data for the total number of

days worked per individual per year, as well as data on general employment generation

through the program. Our main two outcomes are the number of villagers who worked in

the program (“worked”) and the average number of days worked by individuals who took

part in the program (“workdays”). We also study the sum of deposits made to the workers’

bank and post office saving accounts. NREGS uses these two modes send direct payments

to workers Muralidharan, Niehaus, and Sukhtankar (2016).

Building an All-India Village Dataset

Our objective was to combine spatial information on villages, block, and assembly con-

stituencies, with outcome data from NREGS. This exercise is not straightforward for several

11The NREGA Public Data Portal may be accessed here: mnregaweb4.nic.in/netnrega/dynamic2/

dynamicreport_new4.aspx.
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reasons: first, census data are from 2001, and NREGS data are from 2013. This means that

several new administrative units, especially districts, but more recently also states, have been

formed during this period. Second, NREGS data are reported at village cluster level, with

corresponding information about blocks. Census data, however, are reported at the village

level, with no information about the village-cluster within which they are contained. Third,

transliteration of proper nouns from local languages into English can be done in several ways.

This makes string matching across datasets hard.

We address these challenges by (1) identifying a new dataset that serves as a matching

directory for village and village-cluster data, (2) using fuzzy matching methods, and (3) spa-

tially joining villages to electoral constituencies using GIS. The resulting dataset, combining

NREGS, census, and election data sources, successfully matches approximately 465,000 of

India’s 628,000 villages (74 %).12 Additionally, we successfully match 93% of all blocks (5,458

of 5,845). Because NREGS is a program implemented exclusively in India’s rural areas, we

expect that the matched blocks would be systematically different from unmatched ones. We

find that these areas are less populous, more vulnerable, and with a higher proportion of

agricultural workers (we present additional details in Table A8 in the Appendix). The mean

area of villages in our sample is 4.64 sq km (median=2 sq km), while the mean area of a

block is 799 sq km (median = 449 sq km).

Identifying Split Blocks

Once the matching exercise is complete we begin the process of identifying split blocks.

We first identify all villages in a block. If these villages belong to more than one political

constituency, we code that block as split. If all villages lie within one political constituency,

we code the block as unsplit. Figure 3 shows all split blocks in India. We can see that the

blocks are fairly well spread out across the country. In Figure 4, we focus on the state of

Jharkhand to provide a visual presentation of split and unsplit areas across a single state.

12This rate is comparable to a recent study that also uses fuzzy matching in the Indian context (Novosad
and Asher, 2013).
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We add political constituency boundaries on top of the split block map to show how the

political constituency boundaries (in black) cut across the split block boundaries (in white).

FIGURE 3 about here

FIGURE 4 about here

Summary Statistics

The analyses in this paper relies primarily on two datasets. The first is a village-level dataset

where each observation represents a village that is contained within a village cluster, a block

and a political constituency.13 Second, we collapse these village data at the polygon level

as illustrated in Figure 5. This dataset represents the unique intersections of each politician

and bureaucrat jurisdictional area. For instance, the unsplit block represented by Polygon

1 falls in the jurisdiction of one politician and one bureaucrat, but the split block falls in

the jurisdiction of two politicians (hence, two polygons). Collapsing at this level allows us

to create polygon level variables and trace mean outcomes at the polygon level.

FIGURE 5 about here

Table A2 presents summary statistics for this new dataset. We retain the 5,460 blocks

and 3,441 constituencies in 8,660 polygons. We also create a new variable which measures the

number of citizens in a polygon as a share of total voters in the constituency that belongs

to. On average, a polygon represents 35 percent of the constituency’s voters. Similarly,

because they are smaller geographic units, a polygon accounts for 62 percent of a block’s

population on average. We check to see if split polygons look similar to unsplit polygons

in Table A5, and find that again the balance on pre-treatment variables is very good. We

include imbalanced variables as controls in polygon dataset analysis below.

13We provide descriptive statistics in Table A1 in the Appendix.
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Research Design

Our empirical objective is to compare NREGS implementation for villagers under bureau-

crats whose jurisdiction is split across multiple political constituencies, with NREGS imple-

mentation for villagers whose bureaucrat’s jurisdiction is wholly contained within a single

political constituency. We illustrate this research design in Panel A of Figure 6, where each

dot refers to a village cluster, the unit at which NREGS outcomes data are available. Panel

A illustrates a simple ordinary least squares regression, where village clusters in the unsplit

block are compared with village clusters in the split blocks.

FIGURE 6 about here

Simple comparisons of split and unsplit blocks however, may yield biased estimates of the

Split coefficient. For example, Figure 3 shows that there are more split blocks in some states

than others. It might be the case that the politicians with more split blocks are different than

politicians in unsplit blocks. Our estimation strategy should therefore account for sources

of bias of these sorts. We adopt two strategies to account for such potential bias - politician

fixed effects and a geographic regression discontinuity design.

Ordinary Least Squares with Politician Fixed Effects

First, we use ordinary least squares with politician fixed effects to study within-politician

differences between split blocks and unsplit blocks. Panel B of Figure 6 illustrates that adding

political constituency fixed effects restricts the comparison village clusters to those lying

within the same political constituency. This holds constant all shocks at the constituency

or a higher level.14

We begin by using a simple ordinary lease squares estimation strategy presented in the

14In Appendix K we plot constituencies with and without variation in Split and show these constituencies
are spread evenly across India. Table A9 shows that there is relatively little observable pre-treatment
difference between these two kinds of constituencies.
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following equation,

yg,b,c = ac + γSPLITb + Z
′

v,g,b,cφ+ εv,g,b,c (1)

where yg,b,c is NREGS outcomes at the gram panchayat level g which is located in both

block b and assembly constituency c. Political constituency fixed effects, ac, account for any

common shocks at the constituency level. SPLITb is the block-specific treatment variable

that equals 1 if a block is split between more than one political constituency, and zero

otherwise. We include a vector of all unbalanced village-level control variables, Z
′

v,b,c, which

we describe in the following Section. As a split block is split simultaneously for more than

one political constituency, we cluster standard errors at the block level.

Geographic Regression Discontinuity

Controlling for common shocks at the constituency level may still yield biased results if split

blocks are systematically different from unsplit blocks. Consider a thought experiment where

two villages are observably identical on pre-treatment covariates, but lie on opposite sides of

a border that separates a split and an unsplit block. If the villages are sufficiently similar on

observable characteristics, we can say that the only differences that remain between the two

types of villages is that they lie in different blocks. We approximate this thought experiment

with a geographic regression discontinuity empirical design that restricts attention to villages

geographically proximate to a boundary dividing a split and unsplit blocks. Panel C of Figure

6 illustrates this geographic RD design, estimated as follows:

yg,b,c = ac + γSPLITb + f(Xv,g,b,c, Yv,g,b,c) +BbS ,bUS ,c + Z
′

v,g,b,cφ+ εv,g,b,c (2)

∀ v, g, b, c s.t. Xv,g,b,c, Yv,g,b,c ∈ (−h, h)
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where f(Xv,g,b,c, Yv,g,b,c) is a flexible function in two dimensions, latitudes (X) and lon-

gitudes (Y ) for every village v in gram panchayat g, block b, and assembly constituency c.

We include boundary fixed effects BbS ,bUS ,c, where each boundary refers to the border that

is shared by a split block bS and an unsplit block bUS. We assign the closest block boundary

to each village in our data so that we compare units that provide the closest approximation

to random assignment. We follow Michalopoulos and Papaioannou (2011) and Dell (2010)

in including a smooth function in longitudes X and latitudes Y .15 Adding these geographic

controls in a flexible way helps the regression absorb spatial trends that might be superflu-

ously driving the results. Again, we add constituency fixed effects to absorb common shocks

at the politician level. Finally, in the analysis that follows, we show the robustness of our

results at varying bandwidths (h). For each village in the data, h refers to the distance to

the nearest block boundary in kilometers.

Analysis of Balance with Census Data

We examine pre-treatment covariates, to examine potential differences between split and

unsplit blocks that may confound the identification strategies introduced above. With census

data at the village level from the Indian Census of 2001, we are able to analyze the extent

to which split blocks observably resemble unsplit blocks – our empirical counterfactual of

interest.

For instance, one general challenge of studying changes in employment, is the challenge of

potentially simultaneous changes in supply and demand (Angrist and Krueger, 2001). While

we have presented, in the theoretical section above, predictions linked to supply, villagers

might in fact have greater demand for NREGS in unsplit areas. While we cannot measure

demand directly, we individually select a group of variables from the census we expect to

be highly correlated with villager demand for NREGS. We expect villages to have greater

demand for NREGS if they have higher (a) level of unemployment, (b) higher percentage

15Of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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of economical marginalized populations such as Scheduled Castes and Scheduled Tribes, (c)

proportion of the population that is not literate, (d) proportion of agricultural laborers, (e)

proportion of marginal workers, (f) proportion of cultivators who are sensitive to rain-fed

agricultural, and (g) if there are no education facilities.

Table 1 about here

As shown in Table 1, we find very little imbalance across split and unsplit areas with

regards to these proxies of demand. For the OLS specification we observe statistically signif-

icant differences of p = 0.05 for Percentage Illiterate a substantively small difference of 0.003

standard deviations. For the RD specification we observe only one marginally statistically

distinguishable covariate, Percentage Unemployed (p = 0.07), and again this variable is sub-

stantively similar in split and unsplit blocks (a difference of only 0.003 standard deviations).

Beyond examining these correlates of demand, we take a more systematic approach to

analyzing balance across more than 140 census variables with the following procedure. To

manage the vast number of census variables and make the comparison substantively mean-

ingful, we collapse these census variables into 14 categories by taking the simple mean of

their standardized values, and then standardizing the means - a process described in Ap-

pendix U. Table A1 presents summary statistics for these indices. We analyze balance across

split and unsplit blocks in Table A4. We can interpret the coefficient as standard deviation

differences between split and unsplit blocks.

Overall, we find very little substantive imbalance across split and unsplit blocks for both

the OLS and geographic regression discontinuity models. In Table A4, we observe no more

than 0.01 standard deviations imbalance across all of the 14 census indices for both the OLS

and RD models. Nevertheless, in the following analyses we always include any imbalanced

index as a control in our regressions. Additionally, we find strong evidence of balance for

the Geographic RD specifications in Figure A4 in the Appendix, where we present p-values

for differences between split and unsplit blocks for all 14 indices over bandwidths of 3-50
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kilometers around the threshold boundary.

Main Results

We examine two NREGS outcomes: the total number of workdays and the total number

of people who worked on NREGS projects. We add one and take the natural log of these

outcomes so that the coefficient on split can be interpreted as the percentage difference in

outcomes between split and unsplit blocks.

Table 2 presents the main results. In column (1) we use the OLS specification and find a

negative and statistically significant relationship between a block being split and the logged

number of workdays. In split blocks we observe 10.6 percent fewer NREGS workdays. In

column (2) we use the geographic RD design to compare villages within a 25 kilometer

bandwidth and observe 8.8 percent fewer workdays for split block villages. Column (3)

shows that split places have about 8.4 percent fewer individuals who worked on a NREGS

project in 2013. This results is robust to the geographic RD identification strategy as shown

in column (4), with a treatment effect of 7.1 percent. Table 2 shows that not only are fewer

people employed in NREGS in split blocks, those individuals who do work under NREGS

receive fewer workdays.

TABLE 2 about here

Appendix M shows these results are robust across several tests: Table A10 replicates the

OLS specification after collapsing our dataset to the polygon-level; Table A11 presents results

on a restricted sample where blocks are split across fewer than six constituencies; Table A12

presents results where outcomes are in levels rather than natural logs; Table A13 presents the

geographic RD across several functional forms of the control function; and Figure A5 presents

the same across multiple bandwidths. Finally, we use randomization inference to show that

the observed treatment effect lies outside the distribution of hypothetical treatment effects
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in Figure A6, indicating that the actual treatment effect is not observed by chance (Gerber

and Green, 2012).

Treatment Effects by Number of Splits

Next, we examine whether our treatment effects are stronger as the bureaucrat reports to an

increasing number of politicians. We examine the effect of a new variable that measures the

number of times a block is split on our outcomes of interest.16 Our results, shown in in Table

3, indicate that the treatment effect increases as bureaucratic jurisdictions are split across

more constituencies. Taking Columns (2) and (4) as our benchmark models, the marginal

effect of each additional split is 5% fewer workdays and 4% fewer individuals employed in

NREGS.17

Table 3 about here

Mechanisms

Above, we discussed three mechanisms that help explain why NREGS delivery is worse

in split bureaucratic areas: credit claiming, free riding, and bureaucratic control. In this

section, we conduct three tests to determine if we find support for any of these mechanisms.

As we lack the ability to experimentally manipulate each mechanism in a controlled setting,

we focus primarily on the heterogeneous effects of our main results, utilizing additional causal

identification strategies where possible. Taken together, these tests allow us to assess the

extent to which multiple tests reveal consistent evidence on a mechanisms while holding

others constant.

16We restrict attention to cases of four splits or fewer, which represents more than 90 percent of our data.
17We graph these results in Figure A7 in the Appendix. This findings also helps shed light on the

competing channels of change due to additional principals as noted in footnote 4 and Appendix A: worsening
outcomes with more splits suggests that the indirect channel of change is stronger than the direct channel.
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Party Coordination and Politician Effort

The degree to which politicians are able to coordinate should affect the performance of

split bureaucrats. When costs increase, politicians should exert less effort, and bureaucratic

performance should decrease. We postulate that the cost of political effort is higher when

two politicians from different parties monitor a bureaucrat, compared to instances where

they belong to the same party.

This may be so for multiple reasons: (1) Voters in blocks split across multiple politicians

will have an easier job giving credit to politicians if they both belong to the same party.

(2) Politicians from different parties may also have more difficultly controlling the local

bureaucrat when they are from different parties. For instance, if politicians are from the same

party they may learn from each other how to most effectively motivate the local bureaucrat.

(3) Politicians from different parties are more likely to send conflicting messages due to

differing party platforms. More generally, politicians may want to be sure that a neighboring

politician from another party does not benefit from their effort towards monitoring the local

bureaucrat.

We develop a test to isolate exogenous variation in whether blocks are split between

politicians from the same or different parties. We analyze close elections in constituencies

that share a split block. We compare outcomes in a politician’s area when the neighboring

politician barely wins an election and belongs to a different party, with outcomes when the

neighboring politician barely wins and belongs to the same party. We illustrate this empirical

strategy in Figure 7. For this test we restrict our sample to blocks that are split between

two politicians.

FIGURE 7 about here

We follow Hahn, Todd, and der Klaauw (2001) and use a local linear function as an

estimate of this control function. To reduce bias in this estimation, such that we estimate the

‘as-if’ random assignment of party affiliation, we focus on narrow victory margin bandwidths
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of 1 and 0.5 percent differences in the margin of victory. We include state fixed effects to

account for common shocks at the state level.18

TABLE 4 about here

Table 4 presents the results. Columns (1) and (2) show that when a neighboring politician

barely wins an election (margin of 1%) and belongs to a different party, total workdays fall.

Similarly, Columns (3) and (4) examine impacts on the number of people who worked and

find negative treatment effects. We plot these results graphically in Appendix Figure A8.

Appendix Figure A9 plots treatments effects over several bandwidths and shows that the

point estimate for both outcomes is stable around 50 percent treatment effect.

Compared to politicians belonging to the same party, when different party politicians

concurrently monitor a block, we observe worse NREGS outcomes. As we only compare

blocks that are split once, we can rule out free riding as an explanation for this result.

However, this finding is consistent with the other two mechanisms. First, assuming that

party affiliation figures in citizens’ voting decision, it should be easier for politicians to claim

credit for better NREGS performance ex-post when politicians of the same party control

the bureaucrat. Second, politicians of the same party should face fewer transaction costs

in monitoring bureaucrats. Therefore our results are also consistent with the bureaucratic

control mechanism.

Treatment Effects by Political Importance

Next, we explore if the relative political importance of the bureaucrat’s area matters for

NREGS outcomes. For each polygon – a unique politician-block area – in our data, we define

the political importance as the proportion of the constituency’s population which lives in that

area. As political importance increases the politician’s incentive to motivate the bureaucrat,

18See Appendix F for the estimation equation. We check for balance on our standard set of census
variables in Table A7, and include the three imbalanced indices in all regressions in this section. Finally,
we show balance across the cut-off by conducting a standard McCrary density test, which we present in
Appendix Figure A10 (McCrary, 2008).
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we expect to observe differential increases in development program implementation in split

versus unsplit bureaucratic areas.

Empirically, we test for this within a given politician’s constituency by comparing bureau-

cratic performance in split and unsplit blocks when we vary the proportion of the population

contained in that area. We interact the treatment variable (Split) with three indicator vari-

ables – ‘Low Proportion’ for polygon areas with a population representing less than or equal

to 1/3 of the population of the entire constituency, ‘Medium Proportion’ for a proportion

between 1/3 and 2/3, and ‘High Proportion’ for a proportion above 2/3.19 The proportion

of the population in a constituency proxies the number of voters, as we expect politician

effort to increase in the number of voters in a given polygon.

TABLE 5 about here

Two key results emerge from our analysis presented in Table 5: first, as an area becomes

more politically important, the difference between politician behavior in split and unsplit

areas diminishes. For low proportion areas, that are politically less important, there are

17.4% fewer workdays in split areas, and NREGS workers in these areas work 22.6% fewer

days compared to unsplit areas with similar proportions. By contrast, for high political

importance areas, there is no statistically significant difference between split and unsplit

polygons. Second, even within split places, politicians seem to focus on places that carry the

most rewards. This is shown by low p-values that test the difference between high proportion

and low proportion areas within split blocks. Critically these results support only the credit

claiming mechanism. To rule out free riding, we include number of split fixed effects in

columns (3) and (4), and find consistent effects. The bureaucratic control mechanism is held

fixed for this test because we exploit only within politician variation across blocks with more

or less voters.

19Appendix G gives the regression equation. As before, we restrict attention to blocks that are split 4
ways or fewer times.
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Treatment Effects by Indian National Congress Winners

To test for credit claiming more directly, we focus on the Indian National Congress (INC),

India’s national party best able to claim credit for the NREGS. Congress has leveraged

NREGS even before it was passed as a populist tool when it was in the minority as a tool to

fight its main rival, the Bharatiya Janata Party (BJP) (Chopra, 2014, 2011). After its enact-

ment Congress was rewarded by the electorate for the program (Jaffrelot and Verniers, 2009;

Dasgupta, 2015). If INC politicians are able to claim more credit for the implementation

of NREGS, we should expect: (1) INC politicians to exert more effort to ensure successful

NREGS implementation, and (2) INC politicians to exert more effort in split areas relative

to non-INC politicians.

To investigate the first claim, we study close elections that quasi-randomly allocate an

INC or non-INC politician to a constituency from the previous elections. We compare

NREGS outcomes in constituencies where an INC politician barely won the previous elec-

tion with those constituencies where the INC politician barely lost. To reduce bias in this

estimation, such that we estimate the ‘as-if’ random assignment of party affiliation, we focus

on narrow victory margin bandwidths of 1 and 0.5 percent. We include state fixed effects to

account for common shocks at the state level.20

Table 6 Panel A, Columns (1)-(4) shows that NREGS performance is significantly better

on average when an INC politician narrowly wins an election.21 Next we investigate if the

main effect of a split block is smaller in constituencies where the politician belongs to INC.22

As shown in Columns (5)-(8) by the coefficient on the interaction terms, we observe that

20See Appendix H for the estimation equation. We check for balance on our usual census variables in
Table A6, and include the imbalanced index in all regressions in this section. Finally, we show balance
across the cut-off by conducting a standard McCrary density test, which we present in Appendix Figure A13
(McCrary, 2008).

21Figure A11 shows that across several bandwidths, point estimates are relatively stable.
22To do this, we (1) interact split with an indicator for INC politician, (2) retain the close elections

regression discontinuity model, (3) add the control function of the geographic RD model, (4) consider village
clusters within 25 kilometers of split and unsplit block boundaries, and (5) consider close races where an
INC candidate won or was the runner-up. See Appendix H for the estimation equation. Figure A12 plots
the treatment effects by margin of victory bandwidth.
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the difference between split and unsplit blocks is smaller in INC constituencies versus non-

INC constituencies. This effect becomes statistically significant in narrow margin of victory

bandwidths in Columns (6) and (8).

Table 6 about here

These results provide support for the credit claiming mechanism. The free riding mecha-

nism is ruled out as we examine differences between split and unsplit blocks across INC and

non-INC politicians. This holds constant the free riding incentive. To check for the possibil-

ity that INC politicians may exert greater influence over bureaucrats, we interact our effects

with an indicator variable for whether the INC party also controls the state government.23

If INC was the majority party in the state, we postulate that INC politicians should have

an easier time controlling the bureaucracy.

We find mixed evidence for the bureaucratic control mechanism in Panel B of Table

6. Columns (1)-(4) show that NREGS outcomes are better in INC winners’ constituencies.

Outcomes are also better in places where INC controls the state, though only the Workdays

outcome is statistically significantly. Columns (5)-(8) show that the negative effect of a split

bureaucrat is lower in INC politicians’ areas, and that it is further weakened in INC states.

These final effects however, are not statistically significant. Overall, these results provide

support for the explanation that INC politicians are able to better claim credit for NREGS

outcomes, which reduces the overall negative effects of split bureaucrats. However, we find

only weak evidence for the bureaucratic control mechanism.

Summary of Mechanisms

In Table 7, we summarizes our analysis of mechanisms. We find evidence consistent with

the credit claiming mechanism across three separate mechanism tests, with weak evidence

in support of the bureaucratic control mechanism.

23We coded Rajasthan as an INC state as elections were held in December 2013. We drop Meghalaya
from this analysis because Elections occurred in February 2013.
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Table 7 about here

Alternative Explanations

A number of alternative explanations could explain why we observe worse program imple-

mentation in split blocks. In this section, we evaluate four such explanations.

Collusion Between Politicians and Bureaucrats

One alternative interpretation of our main results is that collusion between politicians and

bureaucrats drives worse NREGS performance in split blocks. Indeed, the literature on

NREGS examines how elite capture, leakages and corruption are central challenges to suc-

cessful program implementation (Raabe, Sekher, and Schiffer, 2010; Shankar and Gaiha,

2013). This is a concern for our design if, relative to split bureaucrats, politicians find it eas-

ier to influence unsplit bureaucrats to artificially report higher NREGS performance. This

can allow the politician to steal earmarked funds generated by this inflation of workdays.

One way this may happen is if bureaucrats report workdays for ‘ghost’ workers (who exist

only on paper), and then transfer a part of this money to the politicians (Bhatia and Dreze,

2006; Muralidharan, Niehaus, and Sukhtankar, 2016).

To test if this is the case, we examine the flow of money in NREGS, presented in Table 8.

First, if the observed treatment effects are driven entirely by reported workdays instead of the

money paid to NREGS laborers, we should find no relationship between split and deposits.

However, we do in fact find a statistically significant relationship between split and deposits

to workers’ bank accounts. This analysis however, is limited to the subsample for which we

have data on deposits. One potential concern here is that data are systematically missing

across split and unsplit blocks, which may signal collusion in instances where data is missing.

To address this concern, we examine if the missing data is systematically correlated with

the treatment in Appendix S. We find that that split only increases the likelihood of data
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being missing by 0.7 percentage points (0.007 on a scale of 0 and 1, the scale of the outcome

variable). This accounts for 126 observations in the geographic RD model, out of the total

215,002 observations. We interpret this as a precisely estimated yet negligible amount of

missingness, allaying concerns that missingness of data is correlated with the treatment.

Second, we measure the mismatch between workdays and money paid to workers by

calculating the ratio of reported workdays to amounts deposited in laborers’ accounts. If

the effect of split on implementation is driven by changes in leakages, we would expect

split to predict a negative and statistically significant ratio, however we find no statistically

discernible effect of split on the ratio between Workdays and Deposits.

Additionally, we note that workday and worker outcome variables are approved by village

and block-level bureaucrats, while data on financial disbursements are sent and recorded by

state-level government officers. This relatively independent generation of data lends support

to the conclusion that financial collusion does not differ systematically across split and unsplit

bureaucrats.

TABLE 8 about here

Political Manipulation of Boundaries

The second alternative explanation is that politicians are able to influence the delimitation

process of electoral boundaries in such a way that explains the effect of split blocks on

NREGS implementation. This could be the case if the eventual split areas were initially

less politically important, and politicians preferred to keep important areas under their sole

influence. We first note that split and unsplit blocks look very similar on census covariates.

This should allay concerns that the ex-ante political importance of areas determines the

main effects we observe in this paper.

Next, consider the possibility that politicians on the 2001 Delimitation Commission al-

tered their own constituencies boundaries, a possibility raised by (Iyer and Reddy, 2013),
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thereby leading to worse outcomes in split blocks. As Associate Members on the Delimitation

Commission included Members of Legislative Assembly, we investigate the possibility that

their actions in fact drove the effect of split on service delivery. To complete this analysis,

we identified the assembly constituency for each of the 77 of the 135 MLAs who were Asso-

ciate Members of the Delimitation Commission in our data. As shown in Table 9, we find

no evidence that having a delimitation commission member as the constituency’s politician

affects the probability that a post-delimitation block becomes split. We also find no evidence

that the effect of split on NREGS workdays is driven by constituencies whose MLAs were

members of the commission.

Finally, we test whether the effect of split is explained by areas where political boundaries

changed using GIS (with details in Appendix T). Again, we find no evidence that constituen-

cies with changed borders predicts whether a block was split, nor differential changes in our

treatment effects

TABLE 9 about here

Strategic Transfer of Bureaucrats

Another alternative explanation is that politicians strategically transfer poorly-performing

bureaucrats to split blocks. Of relevance for this study, Iyer and Mani (2012) do not find

robust evidence that politically-induced transfers have negative impacts on development at

the district-level. This explanation is one of a broader set of alternatives whereby the process

by which bureaucrats are transferred, endogenously selects certain types of bureaucrats to

split areas.

Using the framework in Alt, Bueno de Mesquita, and Rose (2011), we hypothesize that

bureaucrats who are at the beginning of their careers, with less experience in office, and those

near retirement, with weaker career-advancing incentives, are more likely to be ‘poor quality’

bureaucrats. If selection of bureaucrats explains our results we should expect that ‘poor
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quality’ BDOs are disproportionately transferred to split blocks. In addition, bureaucrats

who are expected to perform worse, such as those that are nearing retirement, should ask

to be sent to split blocks where there is less political oversight (Chathukulam and Gireesan,

2008).

TABLE 10 about here

While we found no systematic data on bureaucratic transfers across Indian states, we

were able to compile a dataset of all block official transfers for the years of 2011 and 2012,

for the Indian state of Kerala. We gathered these from official transfer reports. From the

Kerala data we identified BDOs who were (a) transferred from existing BDO posts, (b)

promoted from lower rank administrative positions, or (c) newly hired. Table 10 presents

the three results: (1) We find no evidence of differential BDO appointments to split blocks

overall (Column (1)). Second we find that newly hired BDOs are not disproportionately

transferred to split blocks (Columns (2)-(4)). In addition, we find that transfers that result

in a promotion, a potential indicator of ‘high quality’ bureaucrats are just as likely for split

blocks. Third, we find no evidence that BDOs near retirement disproportionately request to

be transferred to split blocks (Column (5)), nor are BDOs near retirement more likely to be

transferred to split blocks (Column (6)).

Together these results show no disproportionate transfer of BDOs overall in our data,

and that the BDOs we expect to perform poorly are also not disproportionately transferred

to split blocks. While this reduces concerns that the transfer of bureaucrats explains why

split blocks suffer worse development implementation, these findings also suggest that the

transfer of bureaucrats, a type of bureaucratic control mechanism, may explain little of the

main results.
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Projecting State Power into the Periphery

A final alternative explanation is the possibility that the impact of split blocks on develop-

ment outcomes is driven by the difficulty of the state extending governance in peripheral and

rural areas (Herbst, 2000). If split blocks are more prevalent in peripheral areas, worse de-

velopment outcomes could be caused the state’s difficulty in projecting power in split blocks.

We first estimate whether distances from villages’ geographic location to the state capital

and assembly constituency centroids predict split block status. Second we assess whether

the main results are robust to controlling for several measures of these distances. As we show

in Table 11, neither distance between a village and the state capital, nor to the assembly

constituency centroid predict split status. This finding is robust to the inclusion of a flexible

function for the distances.

TABLE 11 about here

Conclusion

Bringing the Results Together

We study the relationship between politicians and bureaucrats to understand the dramati-

cally uneven implementation of the world’s largest employment program. We show that the

uneven overlap of political boundaries has a large impact on the functioning of NREGS, as

measured at the village-level across the whole of India. We present three pieces of evidence

that villages in unsplit bureaucratic areas receive better access to state-provided employ-

ment opportunities. First, unsplit villagers are able to work 9 percent more workdays under

NREGS. Second, unsplit areas employ 7 percent more individuals in NREGS. Third, we

show that the magnitude of these effects increase as the number of split blocks within a

single constituency increases. We argue that in blocks where bureaucrats report more than

one politician, politicians are able to claim less credit for effort they expend on motivating
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their local bureaucrat to faithfully implement India’s most critical development program.

We support this credit claiming account with evidence from three separate empirical tests,

while finding only weak evidence of a bureaucratic control mechanism.

How Large are the Effects? Back of the Envelope Calculations

Our results show a sizable negative relationship between split blocks and NREGS outcomes.

An 8% decrease in workdays correspondents to approximately 1,000 fewer workdays in split

village-clusters in 2013. For an average working population of about 2,200 people in a given

village-cluster, this is about 0.45 fewer workdays per eligible household.24 At the village

cluster level, this fall in workdays amounts to a US$2,400 shortage in income injection. Note

that NREGS is not desirable for affluent villagers, and as a result this rough calculation

understates the effect of split for those most in need of the ‘minimum employment guarantee.’

Similarly, an 7% decrease in the number of people who worked in NREGS in 2013 cor-

respondents to roughly 39 fewer people working in split blocks. If we apply the average of

6.4 workdays for NREGS laborers for the 39 individuals who did not work in split areas,

we find a shortfall of 250 workdays, and a corresponding financial cost of roughly US$600

per village-cluster. The joint effect of fewer people working and fewer workdays for those

working: a US$3,000 penalty for village-clusters that fall in split bureaucratic areas.

Contribution to Research on NREGS and India

Growing research on NREGS has examined the impact of the program on socio-economic

outcomes such as wages and employment (Dutta et al., 2014, 2012; Imbert and Papp, 2015),

fund allocation (Banerjee et al., 2014; Gupta and Mukhopadhyay, 2014), and political vio-

lence (Khanna and Zimmermann, 2014; Fetzer, 2014). However, we know of no published

research that has systematically explained the substantial micro-level variation in the qual-

ity of implementation at the local level across all of India at the village, village-cluster, or

24For calculations see Appendix V.
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block levels. We provide statistically precise and substantively meaningful evidence that

the political incentives substantially affects the delivery of the government’s most important

development scheme.

In addition, this paper contributes a ≈465,000 unit, village-level dataset that integrates

political and administrative boundaries, more than 140 village census variables, village-

cluster measures of NREGS performance, and spatial information (e.g. longitudes and lati-

tudes, and distances to relevant political capitals) across the whole of in India. Additionally,

our data locate each village spatially within development blocks, assembly constituencies,

districts, parliamentary constituencies and states. With what we believe to be a more ge-

ographically precise mapping of administrative/census units to political constituency units

than exists in currently published research, we provide a dataset that we hope will be useful

to other social scientists studying India (Kumar and Somanathan, 2009).

Jurisdictional Overlap in India and Beyond

Our results have important implications for the design of development programs in the

presence of jurisdictional overlaps – both horizontal overlaps that we explore in this paper

– as well as vertical jurisdictional overlaps, as developed in the broader literature (Berry,

2008). Below, we briefly discuss examples of other cases of vertical and horizontal overlap

of political boundaries in India, Pakistan, the United States, and South Korea, where our

findings may be relevant.

In India, overlap of the jurisdictions of state assembly politicians and block development

officers has a substantial impact on service delivery. Nath (2015), examining the overlap

national parliamentarians and bureaucrats in the context of a different local development

scheme, finds that electoral competition affects bureaucratic performance. Further, across

all Indian states, citizens are represented not by a single politician but by village-level,

block-level, district-level, state-level and national-level elected representatives – often leading

to vertical jurisdictional overlaps. This complicates politician-bureaucrat interactions, as
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bureaucrats may need to answer to several elected representatives.

In Pakistan, horizontal overlap of the sort explored in this paper is present across the en-

tire country. For instance, the jurisdictions of the Members of Provincial Assemblies (MPA)

overlap imperfectly with counties (tehsils) that form the jurisdiction of many important local

level bureaucrats, whose performance is critical for services delivery. Gulzar (2015) studies

the impact of the election of a governing party MPA on health sector service delivery by

exploiting within bureaucrat variation in rural health service delivery.

In the United States, we observe similar horizontal and vertical overlap of political bound-

aries. Berry (2008) has systematically studied vertical jurisdictional overlap, finding that as

the number of local government entities increase, so too does the level of government spend-

ing. In the United States we also observe horizontal political jurisdictional overlap. For

instance in the state of Pennsylvania, county political boundaries sometimes unevenly over-

lap with school district boundaries (Center, May 08, 2013).25

Lastly, in South Korea, counties (sigungu), which elect mayors in local elections, are

often divided between National Assembly (NA) districts from which Members of National

Assembly are elected in the general election. These counties may (a) be perfectly contained

within a single NA district, (b) be divided across multiple NA districts, as is the case for

large cities – for instance, Suwon City, located within Seoul, elects both a mayor and head,

but spans several legislative districts. Finally, (c) multiple counties may be contained in a

single National Assembly district, as is the case in rural areas.

Implications for Jurisdictional Design

Political and bureaucratic boundaries frequently change. Beyond India, “Japan, Kenya,

Lesotho, Malaysia, Mauritius, Mexico, Nepal, Nigeria, Pakistan, Papua New Guinea, Tan-

zania, the United States, and Yemen all have electoral laws or constitutional provisions

requiring delimitation at least every 10 years” (Network, 2013, p. 34). We provide evidence

25For more information see “Pennsylvania Redistricting: The Legislative Guide to Redistricting in Penn-
sylvania” at www.redistricting.state.pa.us/Maps/Congressional.cfm. Accessed February 2, 2016.
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that the design of jurisdictions can have important consequences for the decision calculus of

politicians and bureaucrats, which is critical to the successful implementation of such pro-

grams (Berry, 2009). Our results suggest that policymakers should pay heed to the impact

these changes can have on the incentive structures facing both politicians and bureaucrats.

In so doing we join a nascent literature that examines the impact of jurisdictional design on

government performance (Grossman and Dean, 2016).

Implications for the Design of Development Programs

Political influence in the implementation of development programs is typically viewed with

suspicion (Callen et al., 2014; Faccio, Masulis, and McConnell, 2006). Politicians are seen

as rent extractors who aim to pilfer money or channel development spending to a narrow

group of supporters. We present evidence of substantial variation in the degree to which

politicians exercise influence within their jurisdictions. We show that politicians, facing the

right electoral incentives, can have a positive impact on the success of rural government

programs. This finding supports a standard political accountability model where electoral

incentives improve political oversight.

Given the importance of electoral incentives, we should not be surprised that many

large scale development programs are named after important political figures. NREGA

for instance, was renamed after Mahatma Gandhi, one of Indian National Congress’s most

important founding ideological leaders. Similarly, the Benazir Income Support Program in

Pakistan, a conditional cash transfer program, was started by the Pakistan Peoples’ Party

and named after its late leader and former Prime Minister of Pakistan, Benazir Bhutto.

Politicians realize that large development programs offer them an important opportunity to

earn favor with voters. Development program designs that help politicians claim credit will

strengthen democratic accountability and improve service delivery.

37



References

Aidt, Toke S., and Julia Shvets. 2012. “Distributive Politics and Electoral Incentives: Evi-

dence from Seven US State Legislatures.” American Economic Journal: Economic Policy

4: 1-19.

Aiyar, Yamini, and Salimah Samji. 2009. “Transparency and Accountability in NREGA: A

Case Study of Andhra Pradesh.” Accountability Initiative Working Paper No. 1.

Alam, Mohd Sanjeer. 2010. “On Matching Census Tracts and Electoral Boundaries: The

Bottom-up Aggregation Approach.” Economic and Political Weekly xlv (34): 64–72.

Alesina, Alberto F, Ugo Troiano, and Traviss Cassidy. 2015. Old and Young Politicians.

Technical report National Bureau of Economic Research.

Alt, James, Ethan Bueno de Mesquita, and Shanna Rose. 2011. “Disentangling accountability

and competence in elections: evidence from US term limits.” The Journal of Politics

73 (01): 171–186.

Andrews, Josephine T, and Gabriella R Montinola. 2004. “Veto players and the rule of law

in emerging democracies.” Comparative Political Studies 37 (1): 55–87.

Angrist, Joshua, and Alan Krueger. 2001. “Instrumental Variables and the Search for Iden-

tification: From Supply and Demand to Natural Experiments.” Journal of Economic Per-

spectives 15: 69-85.

Arora, Ramesh Kumar, and Rajni Goyal. 2005. Indian Public Administration: Institutions

and Issues. Wishwa Prakashan.

Banerjee, Abhijit V, Esther Duflo, Clement Imbert, Santhosh Mathew, and Rohini Pande.

2014. “Can E-Governance Reduce Capture of Public Programs? Experimental Evidence

from a Financial Reform of India’s Employment Guarantee.” Working Paper.

38



Bank, World. 2004. World Development Report: Making Services Work for Poor People.

World Bank.

Baum, Matthew A, and David A Lake. 2003. “Economy of Growth: Democracy and Human

Capital.” American Journal of Political Science 47 (2): 333–347.

Becker, GS, and GJ Stigler. 1974. “Law enforcement, malfeasance, and compensation of

enforces.” Journal of Legal Studies: 1–18.

Bernheim, B. Douglas, and Michael D. Whinston. 1986. “Common Agency.” Econometrica

54: 923-942.

Berry, Christopher. 2008. “Piling On: Multilevel Government and the Fiscal Common-Pool.”

American Journal of Political Science 52: 802-820.

Berry, Christopher R. 2009. Imperfect Union: Representation and taxation in multilevel

governments. Cambridge University Press.

Besley, Timothy, and Anne Case. 1995. “Does electoral accountability affect economic pol-

icy choices? Evidence from gubernatorial term limits.” Quarterly Journal of Economics

110 (3).

Bhatia, Bela, and Jean Dreze. 2006. “Employment Guarantee in Jharkhand: Ground Reali-

ties.” Economic and Political Weekly.

Brehm, John, and Scott Gates. 1997. Working, Shirking, and Sabotage: Bureaucratic Re-

sponse to a Democratic Public. Ann Arbor, MI: University of Michigan Press.

Bueno de Mesquita, Bruce, Alastair Smith, Randolph M Siverson, and James D. Morrow.

2005. The Logic of Political Survival. MIT Press.

Cain, Bruce, John Ferejohn, and Morris Fiorina. 1987. The Personal Vote: Constituency

Service and Electoral Independence. Cambridge, Massachusetts: Harvard University Press.

39



Callen, Michael, Saad Gulzar, Ali Hasanain, and Yasir Khan. 2014. “The Political Economy

of Public Employee Absence: Experimental Evidence from Pakistan.”.

Center, Pennsylvania Legislative Data Processing. May 08, 2013. Pennsylvania Redistricting:

The Legislative Guide to Redistricting in Pennsylvania. Technical report Pennsylvania

General Assembly. www.redistricting.state.pa.us/Maps/Congressional.cfm.

Chathukulam, Jos, and K. Gireesan. 2008. NREGS in Kerala Evaluation of Systems and

Processes. Technical report Centre For Rural Management.

Chopra, Deepa. 2011. “Interactions of ‘power’ in the making and shaping of social policy.”

Contemporary South Asia 19: 153-171.

Chopra, Deepta. 2014. “Distributive Politics and Electoral Incentives: Evidence from Seven

US State Legislatures.” European Journal of Development Research 26: 355-369.

Dasgupta, Aditya. 2015. “When Voters Reward Enactment But Not Implementation: Evi-

dence from the World’s Largest Social Program.” Working Paper.

Datar, Chhaya. 2007. “Failure of National Rural Guarantee Employment Scheme in Maha-

rashtra.” Economic and Political Weekly 42 (34): 3454–3457.

de Zwart, Frank. 1994. The Bureaucratic Merry-Go-Round. Amsterdam University Press.

Dell, Melissa. 2010. “The Persistent Effects of Peru’s Mining Mita.” Econometrica.

Dixit, Avinash. 1997. “Power of incentives in private versus public organizations.” The Amer-

ican Economic Review 87 (2).

Dutta, Puja, Rinku Murgai, Martin Ravallion, and Dominique van de Walle. 2012. “Does

India’s Employment Guarantee Scheme Guarantee Employment?”.

Dutta, Puja, Rinku Murgai, Martin Ravallion, and Dominque van de Walle. 2014. Right to

Work: Assessing India’s Emloyment Guarantee Scheme in Bihar. World Bank.

40



Election Commission of India. 2014. Election Results - Full Statistical Reports. Technical

report. http://eci.nic.in/eci main1/ElectionStatistics.aspx.

Faccio, Mara, Ronald W Masulis, and John McConnell. 2006. “Political connections and

corporate bailouts.” The Journal of Finance LXI (6): 2597–2636.

Falaschetti, Dino, and Gary Miller. 2001. “Constraining Leviathan Moral Hazard and Cred-

ible Commitment in Constitutional Design.” Journal of Theoretical Politics 13 (4): 389–

411.

Ferraz, Claudio, and Frederico Finan. 2011a. “Electoral accountability and corruption: Ev-

idence from the audits of local governments.” American Economic Review 101 (June):

1274–1311.

Ferraz, Claudio, and Frederico Finan. 2011b. “Motivating politicians: The impacts of mon-

etary incentives on quality and performance.” Working Paper.

Fetzer, Thiemo. 2014. “Social Insurance and Conflict: Evidence from India.” EOPP Working

Paper 53.

Fiorina, Morris P., and Roger G. Noll. 1978a. “Distributive Politics and Electoral Incentives:

Evidence from Seven US State Legislatures.” American Economic Review Papers and

Proceedings 68: 256-260.

Fiorina, Morris P., and Roger G. Noll. 1978b. “Voters, Bureaucrats and Legislators: A

Rational Choice Perspective on the Growth of Bureaucracy.” Journal of Public Economics

9: 239-254.

Fujiwara, Thomas. 2015. “Voting Technology, Political Responsiveness, and Infant Health:

Evidence from Brazil.” Econometrica.

Gailmard, S. 2009. “Multiple Principals and Oversight of Bureaucratic Policy-Making.” Jour-

nal of Theoretical Politics 21 (April): 161–186.

41



Gerber, Alan S., and Donald P. Green. 2012. Field Experiments: Design, Analysis, and

Interpretation. New York, NY: Norton New York.

Golden, Miriam. 2003. “Electoral Connections: The Effects of the Personal Vote on Political

Patronage, Bureaucracy and Legislation in Postwar Italy.” British Journal of Political

Science 33: 189-212.

Grimmer, Justin, Solomon Messing, and Sean J. Westwood. 2012. “How Words and Money

Cultivate a Personal Vote: The Effect of Legislator Credit Claiming on Constituent Credit

Allocation.” American Political Science Review 106: 703-719.

Grossman, Guy, Pierskalla Jan H, and Emma B Dean. 2016. “Government Fragmentation

and Public Goods Provision.” Working Paper.

Gulzar, Saad. 2015. “Can Political Alignment be Costly?” Working Paper.

Gupta, Bhanu, and Abhiroop Mukhopadhyay. 2014. “Local Funds and Political Competi-

tion: Evidence from the National Rural Employment Guarantee Scheme in India.” IZA

Discussion Paper Series (8196).

Hahn, Jinyong, Petra Todd, and Wilbert Van der Klaauw. 2001. “Identification and Estima-

tion of Treatment Effects with a RegressionDiscontinuity Design.” Econometrica 69 (1):

201–209.

Harding, Robin, and David Stasavage. 2014. “What Democracy Does (and Doesnt Do) for

Basic Services: School Fees, School Inputs, and African Elections.” The Journal of Politics

76 (November): 229–245.

Herbst, Jeffrey. 2000. State and Power in Africa: Comparative Lessons in Authority and

Control.

Hicken, Allen. 2011. “Clientelism.” Annual Review of Political Science 14 (June): 289–310.

42



Huber, John D. 2000. “Delegation to civil servants in parliamentary democracies.” European

Journal of Political Research (3): 397-413.

Imbert, Clément, and John Papp. 2015. “Labor Market Effects of Social Programs: Evidence

from India’s Employment Guarantee.” American Economic Journal: Applied Economics.

Iyer, Lakshmi, and Anandi Mani. 2012. “Travelling Agents: Change and Bureaucratic

Turnover in India.” Review of Economics and Statistics 94 (August): 723–739.

Iyer, Lakshmi, and Maya Reddy. 2013. “Redrawing the Lines: Did Political Incumbents

Influence Electoral Redistricting in the Worlds Largest Democracy?” Harvard University

Working Paper.

Jaffrelot, Christophe, and Gilles Verniers. 2009. “India’s 2009 Elections: The Resilience of

Regionalism and Ethnicity.” South Asia Multidisciplinary Academic Journal 3.

Karunaratne, Garvin. 1976. “The Failure of the Community Development Programme in

India.” Community Development Journal II (62).

Khanna, Gaurav, and Laura Zimmermann. 2014. “Guns and Butter? Fighting Violence with

the Promise of Development.” Working Paper.

Khera, Reetika. 2011. The Battle for Employment Guarantee. Oxford University Press.

Knott, Jack H, and Gary J Miller. 2006. “Social Welfare, Corruption and Credibility: Public

management’s role in economic development.” Public Management Review 8 (2): 227–252.

Kumar, Hemanshu, and Rohini Somanathan. 2009. “Mapping Indian Districts across Census

Years, 1971-2001.” Economic xliv (41): 69–88.

Lupia, Arthur. 203. “Delegation and its Perils.” In Delegation and Accountability in West

European Parliamentary Democracies, ed. Kaare ø, Wolfgang C. Mller, and Torbjörn

Bergman. Oxford: Oxford University Press.

43



Lupia, Arthur, and Matthew D. McCubbins. 2000. “Designing Bureaucratic Accountability.”

Law and Contemporary Problems 57: 91-126.

Maiorano, Diego. 2014. “The politics of the Mahatma Gandhi national rural employment

guarantee act in Andhra Pradesh.” World Development 58: 95–105.

Martimort, David. 1996. “The multiprincipal nature of government.” European Economic

Review 40 (April): 673–685.
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Figures

Politician A Politician B

Bureaucrat 1 Bureaucrat 2 Bureaucrat 3

Figure 1: An Illustration of the Multiple Principal Setting
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Figure 2: Implementation of NREGS varies tremendously in India

Notes : This map plots the number of NREGS Workdays in 2013. Each polygon in the map
represents a block (bureaucratic area).
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Figure 3: Split Blocks in India
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Figure 4: Split Blocks in Jharkhand
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Figure 5: Polygon Level Data
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Figure 6: Illustration of Empirical Strategies
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Figure 7: The Effect of a Neighboring Politician Belonging to a Different Party.
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Tables

Table 1: Balance Table: Demand Hypothesis

Variable Difference p-value # Blocks # Villages

Panel A: OLS specification

% Unemployed 0.001 0.367 5443 464709
% Scheduled Caste 0.001 0.605 5446 464410
% Scheduled Tribe -0.003 0.417 5456 465081
% Illiterate -0.003 0.050 5443 464719
% Ag. Laborer -0.000 0.919 5454 465184
% Marginal Worker -0.000 0.248 5439 459960
% Cultivator -0.002 0.039 5454 465081
Any Education Facilities -0.005 0.162 5113 419918

Panel B: Geographic RD specification (25 Km Bandwidth)

% Unemployed -0.003 0.074 5150 244547
% Scheduled Caste 0.001 0.676 5151 244365
% Scheduled Tribe -0.001 0.719 5162 244767
% Illiterate 0.001 0.697 5150 244554
% Ag. Laborer -0.000 0.762 5161 244840
% Marginal Worker 0.000 0.114 5159 242025
% Cultivator -0.001 0.600 5161 244777
Any Education Facilities 0.001 0.734 4830 225479

Notes : This table presents balance between treated and untreated units using
the OLS specification in Panel A, and the geographic RD specification in Panel
B. In Panel A, the ‘Difference’ column represents the treatment effect of Split on
each Index in rows. This regression includes area of block as a control, as well
as constituency fixed effects. Standard errors are clustered at the block level.
Panel B reports the treatment effects from a similar regression but also includes
boundary fixed effects and a flexible function in village centroid longitudes (x)
and latitudes (y). This is of the form: x+y+x2 +y2 +xy+x3 +y3 +x2y+xy2.
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Table 2: The Effect of a Split Bureaucrat on NREGS Implementation

Logged Logged Logged Logged
Workdays Workdays # Worked # Worked

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

Split -0.106*** -0.088*** -0.084*** -0.071***
(0.020) (0.025) (0.015) (0.017)

Mean Dependant Variable 8.141 8.178 5.150 5.171
# Blocks 5454 5163 5454 5163
# Constituencies 3441 3139 3441 3139
# Villages 465205 244858 465205 244858

Controls YES YES YES YES
Constituency FE YES YES YES YES
Boundary FE - YES - YES
Bandwidth - 25km - 25km
Model OLS Geo RD OLS Geo. RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the
block level. All models include a control for area of block. Census controls for
columns (1) and (3) include Population and Non-Agricultural worker indices.
Geographic RD models include boundary fixed effects and a flexible function
in village centroid longitudes (x) and latitudes (y) of the form: x + y + x2 +
y2 + xy + x3 + y3 + x2y + xy2.
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Table 3: Multiple Principal Problem Increases in the Number of Splits

Logged Logged Logged Logged Logged Logged Logged Logged
Workdays Workdays # Worked # Worked Workdays Workdays # Worked # Worked

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

Number of Splits -0.085*** -0.045** -0.071*** -0.040***
(0.016) (0.018) (0.011) (0.012)

One Split -0.107*** -0.096*** -0.081*** -0.074***
(0.023) (0.026) (0.016) (0.017)

Two Splits -0.153*** -0.103** -0.136*** -0.091***
(0.041) (0.044) (0.030) (0.030)

Three Splits -0.211*** 0.034 -0.186*** -0.013
(0.081) (0.081) (0.058) (0.054)

Four Splits -0.473*** -0.374 -0.328*** -0.254*
(0.177) (0.231) (0.110) (0.132)

Mean Dep Var. 8.180 8.183 5.186 5.175 8.180 8.183 5.186 5.175
# Blocks 5413 5125 5413 5125 5413 5125 5413 5125
# Cons. 3308 3097 3308 3097 3308 3097 3308 3097
# Villages 419997 242966 419997 242966 419997 242966 419997 242966

Controls YES YES YES YES YES YES YES YES
Constituency FE YES YES YES YES YES YES YES YES
Boundary FE - YES - YES - YES - YES
Bandwidth - 25Km - 25Km - 25Km - 25Km
Model OLS Geo RD OLS Geo RD OLS Geo. RD OLS Geo. RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. One Split, Two Splits... are indicators that take a value of 1 if a block
is split 1, 2, 3 or 4 times (respectively), and 0 if the block is unsplit. Standard errors are clustered at the block level.
Census controls for columns (1), (3), (5), and (7) include Population and Non-Agricultural worker indices. Geographic
RD models also include boundary fixed effects and a flexible function in village centroid longitudes (x) and latitudes
(y) of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Table 4: Different Party Wins Election in Neighboring Constituency

Logged Logged Logged Logged
Workdays Workdays # Worked # Worked

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

Different Party Wins in -1.073** -1.129* -0.813*** -0.843**
Neighboring Constituency (0.427) (0.615) (0.287) (0.420)

Mean Dependent Variable 8.080 7.635 5.130 4.796
# Blocks 133 67 133 67
# Constituencies 117 58 117 58
# Neighboring Constituencies 98 49 98 49
# Observations 141 69 141 69

Census Controls YES YES YES YES
State FE YES YES YES YES
Margin of Victory Bandwidth 0.01 0.005 0.01 0.005

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the
block level. Every model includes a victory margin in the neighboring constituency
and its interaction with ‘Different Party.’ Victory Margin is positive if a different
party wins the election in the neighboring constituency for the same block, and
negative if the same party wins. All models include controls for the area of the
block as well as Communications, Bank and Urbanization indices.
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Table 5: Political Importance Mitigates the Effect of Split

Logged Logged Logged Logged
Workdays # Worked Workdays # Worked

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

Low Prop Voters X Split (β1) -0.174*** -0.226*** -0.386** -0.531**
(0.036) (0.051) (0.151) (0.226)

Med Prop Voters X Split (β2) -0.111*** -0.145*** -0.331** -0.459**
(0.031) (0.046) (0.152) (0.228)

High Prop Voters X Split (β3) -0.048 -0.044 -0.259 -0.346
(0.065) (0.092) (0.167) (0.247)

Low Prop Voters 2.343* 3.769* 2.576** 4.111**
(1.205) (1.982) (1.175) (1.952)

Med Prop Voters 2.291* 3.688* 2.520** 4.025**
(1.205) (1.982) (1.175) (1.952)

High Prop Voters 2.190* 3.539* 2.411** 3.867**
(1.206) (1.983) (1.176) (1.953)

p-val: β1 = β2 0.151 0.201 0.208 0.255
p-val: β1 = β3 0.084 0.082 0.078 0.075

# Blocks 5413 5413 5413 5413
# Cons. 3308 3308 3308 3308
# Polygons 7845 7845 7845 7845
# Blocks 5460 5454 5460 5454
# Constituencies 3441 3441 3441 3441
# Polygons 8660 8654 8660 8654

Split Number FE - - YES YES
Census Controls YES YES YES YES
Constituency FE YES YES YES YES

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the
block level. Census controls include Population, Minority and Non-Agricultural
Worker indices. Proportions refer to share of the constituency’s population repre-
sented by the polygon in fractions of thirds.
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Table 6: The Effect of an INC Politician

Logged Logged Logged Logged Logged Logged Logged Logged
Workdays Workdays # Worked # Worked Workdays Workdays # Worked # Worked

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

Panel A: Impacts of INC Politician

INC Politician 0.703** 1.661*** 0.549** 1.373***
(0.322) (0.465) (0.223) (0.317)

Split -0.426** -0.525*** -0.317*** -0.399***
(0.176) (0.176) (0.107) (0.119)

Split x INC Politician 0.213 0.487* 0.204 0.363**
(0.237) (0.264) (0.148) (0.172)

Mean Dependent Variable 8.150 8.368 5.232 5.323 8.182 8.353 5.277 5.335
# Blocks 382 196 382 196 358 180 358 180
# Constituencies 159 76 159 76 152 75 152 75
# INC Politicians 87 42 87 42 83 41 83 41
# Observations 23022 10578 23022 10578 11396 5156 11396 5156

Panel B: Impacts by INC State
INC Politician 0.621* 1.475*** 0.514** 1.268***

(0.336) (0.464) (0.236) (0.309)
INC Politician x INC State 0.213 0.950* 0.091 0.533

(0.491) (0.496) (0.357) (0.328)
Split -0.426** -0.524*** -0.317*** -0.398***

(0.176) (0.176) (0.108) (0.119)
Split x INC Politician 0.196 0.357 0.230 0.333*

(0.239) (0.286) (0.149) (0.171)
Split x INC Politician X INC State 0.074 0.493 -0.108 0.113

(0.456) (0.520) (0.284) (0.365)
Mean Dependent Variable 8.147 8.368 5.232 5.323 8.182 8.353 5.277 5.335
# Blocks 380 196 380 196 358 180 358 180
# Constituencies 158 76 158 76 152 75 152 75
# INC Politicians 86 42 86 42 83 41 83 41
# Observations 22986 10578 22986 10578 11396 5156 11396 5156

State FE YES YES YES YES - - - -
Constituency FE - - - - YES YES YES YES
Boundary FE - - - - YES YES YES YES
Census Controls YES YES YES YES YES YES YES YES
Margin of Victory Bandwidth 0.01 0.005 0.01 0.005 0.01 0.005 0.01 0.005
Geographic Bandwidth - - - - 25km 25km 25km 25km
Model Close RD Close RD Close RD Close RD Geo RD Geo RD Geo RD Geo RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the constituency level in columns (1)-(4), and at the block level
in columns (5)-(8). Columns (1)-(4) includes a victory margin and its interaction with ‘INC Politician.’ Victory Margin is positive if an
INC Politician wins the election, and negative if the same party wins. Census controls include Irrigation index, as well as block area. All
models include a flexible function in village centroid longitudes (x) and latitudes (y) of the form: x+y+x2 +y2 +xy+x3 +y3 +x2y+xy2.

59



Table 7: Mechanisms Summary

Consistent with Mechanism: Free-Riding Credit Claiming Bureaucratic Control

Party Coordination and Politician Effort . X X
Treatment Effects by Political Importance . X .
Treatment Effects by INC Winner . X .
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Table 8: Deposits and Ratio of Workdays to Deposits

Logged Logged Logged Logged
Workdays Workdays Deposits Deposits Ratio Ratio

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

Split -0.049*** -0.045*** -0.041*** -0.031* -0.004 -0.007
(0.015) (0.017) (0.015) (0.017) (0.004) (0.005)

Mean Dep Var. 13.336 13.374 13.336 13.374 0.818 0.825
# Blocks 4489 4438 4489 4438 4489 4438
# Constituencies 2858 2738 2858 2738 2858 2738
# Villages 388049 215002 388049 215002 388049 215002

Controls YES YES YES YES YES YES
Constituency FE YES YES YES YES YES YES
Boundary FE - YES - YES - YES
Bandwidth - 25Km - 25Km - 25Km
Model OLS Geo RD OLS Geo RD OLS Geo. RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. The outcome for columns (5)-(6) is the
ratio of unlogged workdays to unlogged deposits (see Appendix D). Standard errors are
clustered at the block level. All models include a control for area of block. Census
controls for columns (1), (3) and (5) include Population and Non-Agricultural Worker
indices. Geographic RD models also include boundary fixed effects and a flexible function
in village centroid longitudes (x) and latitudes (y) of the form: x + y + x2 + y2 + xy +
x3 + y3 + x2y + xy2.
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Table 9: The Effect of Membership in the Delimitation Committee

Logged Logged Logged Logged
Split Workdays Workdays # Worked # Worked
(1) (2) (3) (4) (5)

Constituency Changed(β0) 0.027
(0.019)

Split -0.173*** -0.169*** -0.139*** -0.121***
(0.034) (0.044) (0.025) (0.030)

Constituency Changed x Split(β1) 0.100** 0.139*** 0.086*** 0.088**
(0.041) (0.053) (0.030) (0.035)

H: β0 = β1 (p-value) 0.240 0.306 0.118 0.214
Mean Dependent Variable 0.498 8.139 8.207 5.154 5.190
# Blocks 4789 4789 4732 4789 4732
# Constituencies 2860 2860 2722 2860 2722
# Villages 419866 419866 226400 419866 226400

Controls YES YES YES YES YES
District FE YES
Constituency FE - YES YES YES YES
Boundary FE - - YES - YES
Bandwidth - 25km - 25km
Model OLS OLS Geo RD OLS Geo RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the block level. All
models include a control for area of block. Census controls in columns (1), (3) and (5) include
Population and Non-Agricultural Worker indices. Geographic RD models include boundary fixed
effects and a flexible function in village centroid longitudes (x) and latitudes (y) of the form:
x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Table 10: Transfer of Block Development Officers (BDO) in Kerala, 2011-12

Number of Existing BDO New Requests Transferred
Transfers Transfers Promotions Hires Transfer to Split to Split

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

Split -0.044 -0.051 0.048 0.004
(0.106) (0.035) (0.035) (0.004)

Retirement within 2 years -0.176 -0.350
(0.114) (0.325)

Mean Dep Var. 1.275 0.802 0.151 0.047 0.718 0.667
# Observations 182 232 232 232 117 63
Month FE - YES YES YES - -
Year FE YES YES YES YES - -

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. The unit of observation for column (1) is block year. The unit of
observation is transfers for columns (2)-(4) and (6). The unit of observation for column (4) is choices of block
development offices. The outcome for column (1) is number of transfers in a block year. The outcome for column
(2)-(4) are binary measures of whether a transfer involved a transfer of an existing BDO, promotion of a subordinate
to BDO status, or hiring of a new BDO. The outcome for column (5) is a binary measure of whether a BDO who
was transferred expressed an interest to be transferred to a split block, where each BDO was allowed to state
3 choices. The outcome in column (6) is a binary measure of whether a BDO was transferred to a split block.
Standard errors are clustered at the block level for columns (1)-(4), and at the Block Development Officer level for
columns (5) and (6).

63



Table 11: Split Blocks and the Periphery

Logged Logged Logged Logged
Split Workdays Workdays # Worked # Worked
(1) (2) (3) (4) (5)

Panel A: Distance to State Capital

Split -0.102*** -0.088*** -0.080*** -0.071***
(0.020) (0.025) (0.015) (0.017)

Distance to State Capital -0.001 0.006*** 0.007** 0.006*** 0.007***
(0.000) (0.002) (0.004) (0.001) (0.003)

Distance to State Capital Squared 0.000* -0.000* -0.000 -0.000** -0.000**
(0.000) (0.000) (0.000) (0.000) (0.000)

Distance to State Capital Cubed -0.000* 0.000 0.000 0.000* 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Mean Dependent Variable 0.498 8.141 8.178 5.150 5.171
# Blocks 5460 5454 5163 5454 5163
# Constituencies 3441 3441 3139 3441 3139
# Villages 465214 465205 244858 465205 244858

Panel B: Distance to Assembly Constituency Centroid

Split -0.097*** -0.088*** -0.077*** -0.071***
(0.020) (0.025) (0.015) (0.017)

Distance to Cons Centroid 0.000 0.001 0.006 0.002 0.005*
(0.002) (0.002) (0.004) (0.001) (0.003)

Distance to Cons Centroid Squared -0.000 -0.000** -0.000** -0.000*** -0.000***
(0.000) (0.000) (0.000) (0.000) (0.000)

Distance to Cons Centroid Cubed -0.000 0.000** 0.000* 0.000*** 0.000**
(0.000) (0.000) (0.000) (0.000) (0.000)

Mean Dependent Variable 0.498 8.141 8.178 5.150 5.171
# Blocks 5460 5454 5163 5454 5163
# Constituencies 3441 3441 3139 3441 3139
# Villages 465214 465205 244858 465205 244858

Census Controls - YES YES YES YES
Constituency FE - YES YES YES YES
Boundary FE - - YES - YES
Bandwidth - - 25 Km - 25 Km
Model OLS OLS Geo RD OLS Geo RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Standard errors are clustered at the block level. All
models include a control for area of block. Census controls in columns (1), (3) and (5) include
Population and Non-Agricultural Worker indices. Geographic RD models include boundary fixed
effects and a flexible function in village centroid longitudes (x) and latitudes (y) of the form: x +
y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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A Additional Discussion on Theoretical Predictions

With identical politicians and bureaucrats, we can make the standard assumption of concave

marginal benefit and convex marginal costs from political effort towards monitoring. An

additional politician overseeing a bureaucrat will carry both a direct effect of an additional

principal, as well as an indirect effect because of free riding, credit claiming and bureaucratic

control problems. The direct effect should increase total monitoring, while the indirect effect

should reduce it.

If we assume that bureaucratic effort increases with the total monitoring effort of politi-

cians, we can observe two types of outcomes when we compare the performance of Bureaucrat

2 (the multiple principal case) with that of Bureaucrat 1 (the single principal case). The

total amount of effort exerted by Politician A and Politician B to monitor Bureaucrat 2 will

be either lower or higher than the monitoring effort exerted just by Politician A in the case

of Bureaucrat 1.

If it is lower, the indirect effect is greater than the direct effect. That is, the decrease in

marginal benefit (and/or the increase in marginal costs) in the multiple principal case per

Politician is large enough to decrease the individual politician’s effort enough to result in

lower combined effort relative to the single principal case of Bureaucrat 1. If it is higher,

the direct effect is greater than the indirect effect. That is, total monitoring under multiple

principals will be higher if the decrease in the marginal benefit (and/or the increase in

marginal costs) for each politician is not large enough to make the combined effort equal or

lower than in the single principal case.

While the empirical results in this paper suggest that the former case dominates, we can

also think of reasons why bureaucratic effort may fall in the multiple principal case even

when we expect total monitoring effort to be higher. For instance, if higher monitoring by

two politicians leads to the bureaucrat receiving conflicting instructions, this could translates

into worse development outcomes. Relying on this framework and the theoretical literature

discussed above, our key empirical prediction is that development program implementation
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will be worse for bureaucrats who report to more than one politician, rather than a single

politician. The presence of this second channel of change, should bias any statistically

significant empirics results, towards zero.

To summarize, we can have three cases: (1) if the indirect effect > direct effect: total

monitoring by politicians goes down and we should see worse NREGS outcomes; (2) if direct

effect > indirect effect: this increases total monitoring, but that in itself is not sufficient

to improve bureaucratic performance. This is because higher monitoring from more than

one principal can carry its own problems, such as receiving conflicting messages from the

principals. In this case bureaucratic performance may also worsen. (3) If direct effect >

indirect effect where total monitoring of bureaucrats is higher, and their performance is

better. If (3) holds, then our empirical results will be biased towards zero.
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B Profiles of Two Block Development Officers

Figure A1: Block Development Officers in India (Popova, 2011)
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C Dataset Construction

Because we hope this dataset and our procedures will be of use to other researchers we

describe this process in detail:

1. Download and combine village-cluster unit state datasets on NREGS from the MGN-

REGA Public Data Portal.26

2. Extract and combine data files from Census shape files using ArcGIS, to form a spatially

referenced (longitudes and latitudes) dataset of all villages in the 2001 Indian Census

(N ≈ 628, 000).27

3. Build a village/village-cluster directory by downloading and combining individual block-

level directory files from from the Ministry of Drinking Water and Sanitation.28

4. Homogenize district and state names from the Census and NREGS datasets to the

Water Ministry directory using a listing of all changes in district names and alternate

spellings.29 This allows us to match Census and NREGS datasets more efficiently by

guaranteeing a match at the district and state levels.

5. Fuzzy match census village names to the directory, and then NREGS village-cluster

names to the directory. The directory provides a common reference for the two

datasets.30

26The Public Data Portal may be accessed here: mnregaweb4.nic.in/netnrega/dynamic2/

dynamicreport_new4.aspx.
27We obtained Census data from New York University Library’s Data Services Geographic Information

Systems unit, who licensed the data from InfoMap India.
28We access the data from http://indiawater.gov.in/imisreports/nrdwpmain.aspx at the National

Rural Drinking Water Programme, Ministry of Drinking Water and Sanitation (Ministry of Drinking Water
and Sanitation, 2014).

29For this, we rely on a compilation of all name changes between 2001 and 2011 available from (Statoids,
2014), at http://www.statoids.com/yin.html.

30We used Stata’s reclink command to carry out the fuzzy match. Other commands commonly used
to fuzzy match string variables such as soundex are not useful in the Indian context because they rely on
phonetic merging.
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6. Add assembly constituency-candidate level electoral records to the village dataset by

locating each village within an assembly constituency using the village’s latitude and

longitude.31

Our resulting dataset, combining NREGS, census, and election data sources, successfully

matches approximately 465,000 of India’s 628,000 villages (74%).

31Election data was downloaded from Election Commission of India (2014), at http://eci.nic.in/

eci_main1/ElectionStatistics.aspx. We used the Spatial Join command in ArcGIS to carry out this
procedure.
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D NREGS Variable Key

Note: all NREGS variables measured at the village-cluster (gram panchayat) level.

• Workdays - total days worked under NREGS

– Coded as: log(Workdays + 1)

• Worked - number of individuals who worked under NREGS

– Coded as: log(Worked + 1)

• Deposits - sum of disbursements to laborers’ bank and post office accounts

– Coded as: log(Bank Deposits + Post Deposits + 1)

• Ratio of Workdays to Deposits

– Coded as: Ratio = (Workdays / (Bank Deposits + Post Deposits + 1))
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E NREGS Implementation

Officially, the NREGS Act stipulates that a Block Programme Officer (BPOs) is responsible

for NREGS implementation at the block level. In practice however, Block Development Offi-

cers (BDOs) critically affect the quality of NREGS implementation by frequently serving as

Block Programme Officers due to insufficient staffing (Siddhartha and Vanaik, 2011; Khera,

2011; Raabe, Sekher, and Schiffer, 2010). Analysts have noted that the additional duties of

administering NREGS add to the already considerable demands facing BDOs (Bhatia and

Dreze, 2006). Even where BPOs are hired, BDOs remain the most powerful block level ad-

ministrators. Empirically, field researchers studying worksites have identified the motivation

and will of individual BDO as critical to the successful implementation of NREGS (Datar,

2007, 3457).

F Equation for Party Coordination and Politician Ef-

fort

To identify the effect of increasing the marginal cost of a politician’s effort, we study exoge-

nous variation in whether the neighboring politician is from a different party. We estimate

the following equation:

yp,b,c,s = γDifferent PartycN + f(V ictory MargincN ) + Z
′

sφ+ εp,b,c,s (3)

∀ cN s.t. V ictory MargincN ∈ (−h, h)

where the coefficient of interest is γ. Different PartycN is an indicator variable for whether

the neighboring politician, in constituency cN belongs to a different party. We drop all in-

stances from the analysis where the candidate ran as an independent. f(V ictory MargincN )

9



Figure A2: NREGS Implementation (source: Raabe, Sekher, and Schiffer (2010))
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is a flexible control function of margin of victory in a neighboring constituency cN .

G Equation for Treatment Effects by Political Impor-

tance

To analyze how politicians respond to differing political importance of engaging different

block bureaucrats within their areas we vary the proportion of the population in the politi-

cian’s constituency (between low, medium and high). We estimate an equation of the fol-

lowing form:

yp,b,c =β1Split ∗ V low
p,b,c + β2Split ∗ V med

p,b,c + β3Split ∗ V high
p,b,c +

β4V
low
p,b,c + β5V

med
p,b,c + β6V

high
p,b,c +

BlockAreap,b,c + ac +X ′
p,b,c + εp,b,c

(4)

Where V K
p,b,c is an indicator variable that refers to a the population in polygon p as a pro-

portion of total population in constituency c such that:

K =


low if proportion ∈ [0, 0.33)

med if proportion ∈ [.33, 0.66)

high if proportion ∈ [0.66, 1]

Splitp,b,c is an indicator variable for whether the polygon belongs to a split bureaucrat’s

jurisdiction. β4−β6 give the average outcomes in unsplit polygons. β1−β3 give the difference

from these averages in split polygons for the given population proportion.
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H Equations for Treatment Effects by Indian National

Congress Winners

To identify the effect of an INC politician, we estimate the following equation:

yp,b,c,s = γINC Winnerc + f(V ictory Marginc) + Z
′

sφ+ εp,b,c,s (5)

∀ c s.t. V ictory Marginc ∈ (−h, h)

where the coefficient of interest is γ. INC Winnerc equals 1 if the winner belongs to INC,

and zero if the INC politician was the runner up, in constituency c. f(V ictory Marginc) is

a flexible control function of margin of victory in a neighboring constituency c.

To identify how the effect of split blocks varies by politician’s party, we estimate the

following equation:

yg,b,c = ac + γ1SPLITb + γ2SPLITb × INC Winc + f(Xv, Yv) +BbS ,bUS ,c + g(VMc) + Z
′

v,g,b,cφ+ εv,g,b,c(6)

∀ v s.t. Xv, Yv ∈ (−h, h)

∀ c s.t. V ictory Marginc ∈ (−k, k)

where the coefficient of interest is γ2. INC Winc equals 1 if the winner belongs to INC, and

zero if the INC politician was the runner up, in constituency c. f(Xv, Yv) is a flexible control

function in the distance of a village to the border. g(VMc) is a flexible control function of

margin of victory in a neighboring constituency c. We retain constituency fixed effects ac,

boundary fixed effects BbS ,bUS ,c, as well as census and other covariates Zv,g,b,c.
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I Summary Statistics

Table A1: Summary Statistics at Village-level
Variable Mean Std. Dev. Min. Max. N

# Constituencies 3,441
# Blocks 5,460
# Split Blocks (Treatment) 2,076
# Unsplit Blocks (Control) 3,384
# Boundaries (for RD) 16,292
# Village Clusters (GP) 155,291
# Villages 465,214

NREGS Variables
Workdays 12819.19 22279.99 0 535032.94 465214
ln(Workdays) 8.14 2.44 0 13.19 465214
Worked 489.3 836.41 0 13627.99 465214
ln(Worked) 5.15 1.79 0 9.52 465214
Deposits in Rupees 1326709.53 2450230.87 0 78656224 437140
ln(Deposits) 11.84 4.43 0 18.18 437140
Ratio of Workdays to Deposits 1.56 22.27 0 7179.45 388057

Census Variables
Population Index 0 1 -0.27 508.89 465209
Minority Index 0 1 -0.44 336.29 465209
Vulnerable Index 0 1 -87.61 14.89 460124
Education Index 0 1 -1.16 35.25 465207
Medical Facilities Index 0 1 -0.70 71.69 465207
Water Index 0 1 -1.87 2.73 465207
Communications Index 0 1 -2.43 104.97 465207
Bank Index 0 1 -3.03 69.37 465207
Road Index 0 1 -1.84 1.24 426369
Urbanization Index 0 1 -2.81 222.57 426369
Irrigation Index 0 1 -0.35 602.67 464863
Agricultural Worker Index 0 1 -0.83 36.24 465205
Marginal Worker Index 0 1 -1.45 4.16 459960
Non-Agricultural Worked Index 0 1 -0.17 403.21 465205

GIS Variables
Village Longitude 80.91 5.11 68.52 97.07 465214
Village Latitude 23.47 4.62 8.1 34.91 465214
Constituency Changed 0.71 0.46 0 1 424690
Dist. to State Capital (in Km) 210.04 136.74 0.6 858.51 465214
Dist. to AC Centroid (in Km) 13.54 8.60 0.03 179.44 465214
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Table A2: Summary Statistics at Polygon-level

Variable Mean Std. Dev. Min. Max. N
# Blocks 5460
# Constituencies 3441
# Polygons 8660
# Split Blocks (Treatment) 2,076
# Unsplit Blocks (Control) 3,384

NREGS Variables
Workdays 13693.03 24405.14 0 370704.44 8660
ln(Workdays) 8.21 2.23 0 12.82 8660
Worked 458.17 726.06 0 8459.03 8660
ln(Worked) 5.18 1.64 0 9.04 8660

Census Variables
Population Index 0.28 2.88 -0.27 169.68 8657
Minority Index 0.24 3.69 -0.44 305.01 8657
Vulnerable Index -0.01 0.97 -62.1 11.84 8629
Education Index 0.32 1.13 -1.16 14.32 8660
Medical Facilities Index 0.26 1.24 -0.70 21.81 8660
Water Index 0.18 1 -1.87 2.73 8660
Communications Index 0.26 1.39 -2.43 22.68 8660
Bank Index 0.12 1.04 -3.03 16.82 8660
Road Index 0.13 0.91 -1.84 1.24 8169
Urbanization Index -0.12 1.14 -2.81 73.72 8169
Irrigation Index 0.08 0.54 -0.14 27.45 8616
Agricultural Worker Index 0.33 1.03 -0.83 14.19 8654
Marginal Worker Index -0.1 0.53 -1.29 3.33 8629
Non-Agricultural Worked Index 0.26 2.43 -0.17 134.37 8654

Other Variables
Proportion of AC Pop. 0.35 0.25 0 1 8084
Proportion of Block Pop. 0.62 0.39 0 1 8508
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Table A3: Summary Statistics for Transfers in Kerala

Variable Mean Std. Dev. Min. Max. N
Columns (2)-(4) in Table 10
Number of Blocks 162
Split Block 0.73 0.45 0 1 232
Transfer of Existing BDO 0.78 0.42 0 1 289
Promotion 0.18 0.38 0 1 289
New Hire 0.05 0.22 0 1 289
Columns (5)-(6) in Table 10
Number of Persons 65
Want to be Transferred to Split Block 0.72 0.45 0 1 117
Transfer to Split Block 0.67 0.48 0 1 63
Retirement within 2 years 0.09 0.29 0 1 195
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J Balance Tables

Table A4: Balance Table: Effect of Split

Variable Difference p-value # Blocks # Villages

Panel A: OLS specification

Population Index 0.009 0.003 5457 465209
Minority Index 0.004 0.383 5457 465209
Vulnerable Pop Index -0.001 0.846 5439 460124
Education Index 0.003 0.556 5460 465207
Medical Facilities Index -0.008 0.102 5460 465207
Water Index -0.001 0.859 5460 465207
Communications Index 0.003 0.518 5460 465207
Banking Index 0.000 0.960 5460 465207
Road Index 0.001 0.782 5148 426369
Urbanization Index -0.002 0.852 5148 426369
Irrigation Index 0.011 0.336 5445 464863
Agricultural Worker Index 0.001 0.860 5454 465205
Marginal Worker Index -0.005 0.576 5439 459960
Non-Agricultural Worker Index 0.011 0.002 5454 465205

Panel B: Geographic RD specification (25 Km Bandwidth)

Population Index -0.000 0.934 5162 244857
Minority Index -0.006 0.335 5162 244857
Vulnerable Pop Index -0.001 0.937 5159 242111
Education Index -0.000 0.988 5163 244852
Medical Facilities Index -0.015 0.108 5163 244852
Water Index -0.003 0.759 5163 244852
Communications Index -0.004 0.497 5163 244852
Banking Index -0.000 0.973 5163 244852
Road Index 0.006 0.183 4851 228862
Urbanization Index 0.004 0.657 4851 228862
Irrigation Index 0.071 1.00 5148 244547
Agricultural Worker Index -0.001 0.895 5161 244856
Marginal Worker Index 0.013 0.278 5159 242025
Non-Agricultural Worker Index 0.003 0.549 5161 244856

Notes : This table presents balance between treated and untreated units using the
OLS specification in Panel A, and the geographic RD specification in Panel B. In
Panel A, the ‘Difference’ column represents the treatment effect of Split on each Index
in rows. This regression includes area of block as a control, as well as constituency
fixed effects. Standard errors are clustered at the block level. Panel B reports the
treatment effects from a similar regression but also includes boundary fixed effects and
a flexible function in village centroid longitudes (x) and latitudes (y). This is of the
form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Table A5: Balance Table: Effect of Split, Polygon Dataset

Variable Coefficient p-value # Blocks # Polygons

Population Index 0.041 0.056 5457 8657
Minority Index 0.027 0.065 5457 8657
Vulnerable Pop Index 0.004 0.691 5439 8629
Education Index -0.004 0.822 5460 8660
Medical Facilities Index -0.009 0.641 5460 8660
Water Index -0.010 0.294 5460 8660
Communications Index -0.030 0.190 5460 8660
Banking Index -0.026 0.143 5460 8660
Road Index -0.006 0.448 5148 8169
Urbanization Index -0.013 0.229 5148 8169
Irrigation Index 0.000 1.000 5445 8616
Agricultural Worker Index -0.014 0.468 5454 8654
Marginal Worker Index -0.011 0.430 5439 8629
Non-Agricultural Worker Index 0.032 0.087 5454 8654

Notes : This table presents balance between treated and untreated units using the
OLS specification on a dataset collapsed at the polygon level, where each index
is the mean of that index from the village level dataset. The ‘Difference’ column
represents the treatment effect of Split on each Index in rows. This regression
includes area of block as a control, as well as constituency fixed effects. Standard
errors are clustered at the block level.
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Table A6: Balance Table: INC and non-INC legislators

Variable Coefficient p-value # Blocks # Villages

Population Index 0.006 0.870 360 11408
Minority Index 0.091 0.497 360 11408
Vulnerable Pop Index -0.084 0.527 360 11283
Education Index -0.087 0.292 360 11408
Medical Facilities Index -0.096 0.153 360 11408
Water Index 0.017 0.897 360 11408
Communications Index 0.351 0.495 360 11408
Banking Index 0.695 0.401 360 11408
Road Index 0.029 0.741 344 10695
Urbanization Index 0.173 0.584 344 10695
Irrigation Index 0.052 0.073 358 11396
Agricultural Worker Index 0.078 0.476 360 11408
Marginal Worker Index -0.001 0.994 360 11280
Non-Agricultural Worker Index 0.012 0.745 360 11408

Notes : This table presents balance between INC and non-INC legislator con-
stituencies using the close elections RD specification with a bandwidth of 1 per-
cent. The analysis limits villages within 25 Kms of the border. This regression
includes state fixed effects. Standard errors are clustered at the constituency
level.
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Table A7: Balance Table: Different Party Analysis for 1% Bandwidth

Variable Coefficient p-value # Blocks # Polygons

Population Index 0.338 0.282 139 147
Minority Index 0.190 0.395 139 147
Vulnerable Pop Index -0.027 0.707 139 147
Education Index -0.006 0.935 139 147
Medical Facilities Index -0.039 0.710 139 147
Water Index -0.137 0.189 139 147
Communications Index -0.182 0.019 139 147
Banking Index -0.368 0.014 139 147
Road Index 0.046 0.749 133 141
Urbanization Index -0.199 0.029 133 141
Irrigation Index -0.009 0.892 139 147
Agricultural Worker Index 0.001 0.996 139 147
Marginal Worker Index -0.038 0.791 139 147
Non-Agricultural Worker Index -0.125 0.649 139 147

Notes : This table presents balance between treated and untreated units using the
close elections RD specification on a dataset of blocks that are split two ways.
This dataset is collapsed at the polygon level, where each index is the mean of
that index from the village level dataset. The ‘Difference’ column represents the
treatment effect of Split on each Index in rows. This regression includes state fixed
effects. Standard errors are clustered at the block level.
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Table A8: Balance Table: Fuzzy Matched Blocks

Variable Coefficient p-value # Unmatched # Matched

Population Index -0.316 0.025 386 5457
Minority Index -0.252 0.006 387 5458
Vulnerable Pop Index 0.520 0.000 372 5456
Agricultural Worker Index 0.513 0.000 387 5458
Marginal Worker Index 0.279 0.000 381 5436
Non-Agricultural Worker Index -0.396 0.004 387 5458

Notes : This table presents balance between blocks we are able to match in our dataset
with those that remin unmatched. Balance variables are indices made from census
covariates at the block level. The ‘Difference’ column represents the treatment effect
of Matched on each Index in rows.
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K Analysis of Treatment Variation in Constituencies

Most of our analysis includes constituency fixed effects. In this section we analyze which

constituencies contain variation in our treatment variable, Split. Figure A3 presents con-

stituencies that have some variation on split, and are included in our analysis. We note our

results are not driven by a particular region of India. Table A9 shows that we have good

balance across these two areas using census indices.

Figure A3: Constituencies in Regressions
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Table A9: Balance Table: Constituencies with Treatment Variation

Variable Difference p-value # No Variation # Variation

Population Index 0.544 0.149 578 2863
Minority Index 0.584 0.179 578 2863
Vulnerability Index -0.038 0.215 574 2860
Education Index 0.001 0.929 578 2863
Medical Facilties Index 0.001 0.910 578 2863
Water Index -0.002 0.754 578 2863
Communications Index 0.004 0.713 578 2863
Bank Index -0.007 0.533 578 2863
Road Index -0.007 0.499 540 2680
Urbanization Index -0.013 0.135 540 2680
Irrigation Index -0.007 0.417 575 2832
Agricultural Worker Index 0.055 0.023 578 2863
Marginal Worker Index -0.052 0.000 574 2860
Non-Agricultural Worker Index 0.335 0.146 578 2863

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. The unit of observation is the village.
The outcome for column (1) is a binary measure of weather a village belongs to a split
block. The outcome for Column (1) is an indicator variable for whether a block is split.
Outcomes for columns (2)-(5) are in natural logarithms and vary at the village cluster
(gram panchayat) level. Standard errors, clustered at the block level, are reported in
parentheses. All models include constituency fixed effects and a control for area of block.
Additional census controls for OLS models in columns (1), (3) and (5) include Population
and Non-Agricultural Worker indices. Geographic RD models also include boundary
fixed effects and a flexible function in village centroid longitudes (x) and latitudes (y).
This is of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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L Geographic RD Balance by Bandwidth
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Figure A4: Geographic RD Balance by Bandwidth

Notes : This figure shows balance of census indices around the cut-off for varying bandwidths.
Each line represents one of 14 indices created from then Indian Census of 2001.

23



M Robustness of Main Results - Data at Polygon Level

Table A10: Main Results

Workdays # Worked
(1) (2)

Split -0.122*** -0.101***
(0.028) (0.020)

Mean Dependent Variable 8.213 5.181
# Blocks 5454 5454
# Constituencies 3441 3441
# Polygons 8654 8654

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. Outcomes
are natural logarithms of workdays. All variables are col-
lapsed to the polygon level (which contain villages and
village-clusters) and the unit of observation is the polygon.
Standard errors are clustered at the block level. All mod-
els include constituency fixed effects, a control for area of
block, as well as population, minority and non-agricultural
worker indices.

In Table A13 we utilize linear, quadratic, cubic and quartic control functions (varying

from our main specifications which follows those adopted by Dell (2010) and Michalopoulos

and Papaioannou (2011).) We also restrict our sample of villages by limiting distance between

the village and the border dividing split and unsplit blocks (to up to 5 kilometer bandwidths).

Figure A5 shows robustness of our across several bandwidths. Throughout these alternate

specifications, our results remain robust, both substantively, and statistically.

24



Table A11: Robustness of Main Results - Split Across 6 Constituencies or less

Workdays Workdays # Worked # Worked
(1) (2) (3) (4)

Split -0.120*** -0.095*** -0.096*** -0.077***
(0.022) (0.025) (0.016) (0.017)

Mean Dependent Variable 8.180 8.183 5.186 5.175
# Blocks 5413 5125 5413 5125
# Cons. 3308 3097 3308 3097
# Villages 419997 242966 419997 242966

Census Controls YES YES YES YES
Constituency FE YES YES YES YES
Boundary FE - YES - YES
Bandwidth - 25km - 25km
Model OLS Geo RD OLS Geo. RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. All outcomes are in natural
logarithms and vary at the village cluster (gram panchayat) level. The unit
of observation is the village. Standard errors, clustered at the block level,
are reported in parentheses. All models include constituency fixed effects and
a control for area of block. Census controls for columns (1) and (3) include
Population and Non-Agricultural worker indices at the village-level, from the
Indian 2001 census. Geographic RD models also include boundary fixed effects
and a flexible function in village centroid longitudes (x) and latitudes (y). This
is of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Table A12: Robustness of Main Results - Outcomes in Levels

Workdays Workdays # Worked # Worked
(1) (2) (3) (4)

Split -170.402 -836.650** -5.124 -27.284**
(236.446) (364.156) (8.204) (11.569)

Mean Dep Var. 12819.274 13052.593 489.309 508.830
# Blocks 5454 5163 5454 5163
# Cons. 3441 3139 3441 3139
# Villages 465205 244858 465205 244858

Census Controls YES YES YES YES
Constituency FE YES YES YES YES
Boundary FE - YES - YES
Bandwidth - 25km - 25km
Model OLS Geo RD OLS Geo. RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. All outcomes vary at
the village cluster (gram panchayat) level. The unit of observation
is the village. Standard errors, clustered at the block level, are re-
ported in parentheses. All models include constituency fixed effects
and a control for area of block. Census controls for columns (1)
and (3) include Population and Non-Agricultural worker indices at
the village-level, from the Indian 2001 census. Geographic RD mod-
els also include boundary fixed effects and a flexible function in vil-
lage centroid longitudes (x) and latitudes (y). This is of the form:
x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Table A13: Robustness of Main Results - Geo RD by Model and Bandwidth

(1) (2) (3) (4)
Distance to Boundary 5km 10km 25km 50km

Panel A: Outcome - ln(Workdays)

Linear -0.074** -0.079*** -0.071*** -0.084***
(0.030) (0.020) (0.017) (0.016)

Quadratic -0.074** -0.079*** -0.071*** -0.084***
(0.030) (0.020) (0.017) (0.016)

Cubic -0.073** -0.079*** -0.071*** -0.084***
(0.030) (0.020) (0.017) (0.016)

Quartic -0.073** -0.079*** -0.071*** -0.084***
(0.030) (0.020) (0.017) (0.016)

Panel B: Outcome - ln(Worked)

Linear -0.084* -0.093*** -0.088*** -0.109***
(0.047) (0.030) (0.025) (0.024)

Quadratic -0.084* -0.094*** -0.088*** -0.109***
(0.047) (0.030) (0.025) (0.024)

Cubic -0.083* -0.094*** -0.088*** -0.109***
(0.047) (0.030) (0.025) (0.024)

Quartic -0.083* -0.094*** -0.088*** -0.109***
(0.047) (0.030) (0.025) (0.024)

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. All outcomes are in
natural logarithms and vary at the village cluster (gram panchayat)
level. The unit of observation is villages. Standard errors, clustered
at the block level, are reported in parentheses. All models include
constituency fixed effects as well a control for area of block. All models
also include boundary fixed effects and a flexible function in village
centroid longitudes (x) and latitudes (y). The controls functions are of
the following forms. Linear: x + y, Quadratic: x + y + x2 + y2 + xy,
Cubic: x + y + x2 + y2 + xy + x3 + y3 + x2y + xy2, and Quartic:
x+ y+x2 + y2 +xy+x3 + y3 +x2y+xy2 +x4 + y4 +x3y+x2y2 +xy3.
Cubic control function is a replication of Dell (2010) and Michalopoulos
and Papaioannou (2011)’s main specification. We also use this as our
main RD specification in the paper.
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Figure A5: Geographic RD Treatment Effect by Bandwidth

Notes : This figure plots the geographic RD models along varying bandwidths. We present
point estimates and the associated 95 percent confidence interval for the difference between
unsplit blocks and split blocks. All outcomes are in natural logarithms and vary at the village
cluster (gram panchayat) level. The unit of observation is the village. Standard errors,
clustered at the block level, are reported in parentheses. All models include a covariate
for the area of a block and constituency fixed effects. Models also include boundary fixed
effects and a flexible function of village centroid longitudes (x) and latitudes (y) of the form:
x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Figure A6: Geographic RD Treatment Effect Randomization Inference

Notes : This figure plots treatments effects from a permutation test using the standard
geographic RD models within a bandwidth of 25 km. The p-values generated with this test
do no require us to make any asymptotic limiting distribution for inference (Gerber and
Green, 2012). We perform this test by creating a vector of artificial treatment assignments
using a random number generator. For each treatment assignment, a corresponding artificial
treatment effect is generated. This is represented by dots in this figure. The plot these
artificial treatment effects by the rank of their size on the y axis. The actual observed
treatment effect, represented by the vertical line through the dot is ranked 1, and lies much
further from the distribution of 1000 artificial treatment effects. This shows that the observed
effect has not occurred by chance.
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N The Effect of Split as the Number of Splits Increase
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Figure A7: Treatment Effect by the Number of Splits

Notes : This figure plots the the difference between unsplit and split blocks using fixed effects
regressions (in the first and third panels), and geographic RD models (in the second and
fourth panels) with a 25 Km bandwidth. We present point estimates and the associated 90
percent confidence interval for the difference between unsplit blocks and split blocks, where
the number of splits varies across the horizontal axis. All outcomes are in natural logarithms
and vary at the village cluster (gram panchayat) level. The unit of observation is the village.
Standard errors, clustered at the block level, are reported in parentheses. All models include
a covariate for the area of a block and constituency fixed effects. OLS models include
controls for census indices including Population and Non-Agricultural Worker. Geographic
RD models include boundary fixed effects and a flexible function of village centroid longitudes
(x) and latitudes (y) of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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Figure A8: Different Party Wins Election in Neighboring Constituency

Notes : Dots represent means of data binned in 16 equal parts using the binscatter com-
mand in Stata. The data are residualized for common shocks at the state level, a control
for area of block, and Communications, Bank and Urbanization controls from the Indian
census. This figure is generated with data collapsed at the polygon level. All outcomes
are logged. Positive values on the horizontal axis refer to instances where the politician in
the neighboring constituency belongs to a different party. Negative values indicate are for
instances where neighboring politicians belong to the same party.
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Figure A9: Close Election Threshold: Varying Bandwidth Robustness

Notes : In this figure we analyze how the quasi-random assignment of politician party in the
neighboring political constituency affects NREGS delivery. This is presented across several
bandwidths of margin of victory around the cut-off. The vertical lines block the 90 percent
confidence interval around the treatment effect. In the top figure the outcome is workdays
(logged) and in the bottom figure the outcome is number of individuals who worked (logged).
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P McCrary Test for Different Party Close Elections
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Figure A10: McCrary Test for Different Party Close Election Analysis (McCrary, 2008)
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Q Varying the Close Election Threshold: INC Winner
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Figure A11: Close Election Threshold: INC winner

Notes : In this figure we analyze how the quasi-random assignment of INC legislator affects
NREGS implementation. This is presented across several bandwidths of margin of victory
around the cut-off. The vertical lines block the 90 percent confidence interval around the
change in treatment effect of a split block. In the top figure the outcome is workdays (logged)
and in the bottom figure the outcome is number of individuals who worked (logged).
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Figure A12: Close Election Threshold: Treatment Effect by INC

Notes : In this figure we analyze how the quasi-random assignment of INC legislator affects
the treatment effect. This is presented across several bandwidths of margin of victory around
the cut-off. The vertical lines block the 90 percent confidence interval around the change in
treatment effect of a split block. In the top figure the outcome is workdays (logged) and in
the bottom figure the outcome is number of individuals who worked (logged).
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R McCrary Test for INC Winner Close Elections
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Figure A13: McCrary Test for INC Close Election Analysis (McCrary, 2008)
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S Missing Data in Collusion Analysis

Table A14 analyzes whether missing data in Table 8is systematically correlated with treat-

ment. We generate an indicate variable for missing data, and regress it on the treatment

variable, Split, with the OLS (Column (1)) and Geographic RD (Column (2)) models. we can

see that Split increases the probability of data being missing in the analysis by 0.7 percent.

This is equivalent to about 126 observations in the geographic RD model. For comparison,

we have 215,002 observations in the geographic RD model in Table 8. We interpret this as

a small difference that is precisely estimated.

Table A14: Missingness in Deposits

Missing Missing
(1) (2)

Split 0.007*** 0.007**
(0.002) (0.003)

Missing Data 77156 29855
# Villages 465205 244858
Census Controls YES YES
Constituency FE YES YES
Boundary FE - YES
Bandwidth - 25km
Model OLS Geo RD

Notes : *p < 0.1, **p < 0.05, ***p <
0.01. The unit of observation is the vil-
lage. The outcome is an indicator vari-
able for whether there is missingness in
the disbursement data. Standard errors,
clustered at the block level, are reported
in parentheses. All models include con-
stituency fixed effects and a control for
area of block. Additional census controls
for OLS models in columns (1) include
Population and Non-Agricultural Worker
indices. Geographic RD models also in-
clude boundary fixed effects and a flexi-
ble function in village centroid longitudes
(x) and latitudes (y). This is of the form:
x+ y+x2 + y2 +xy+x3 + y3 +x2y+xy2.
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T Comparison of Changed Constituencies

We use GIS software to identify changes in these two sets of boundaries.This involved the

following steps: (1) we used the intersect tool in ArcGIS to decompose the two boundaries

into common polygons. To do this we allowed a tolerance of 5 kilometers as the two sets of

boundaries are drawn with human error. (2) For each constituency, we checked to see if it

contains more than one polygon in the pre or post delimitation stages. We code those that

contain on polygon are remaining unchanged. The rest are coded as having been changed

during the delimitation process. (3) We match this information back to our village level

dataset. Table A15 shows the balance on the 2001 census indices between constituencies

that we identified as changing during the delimitation process. As usual, we find very good

balance on the indices, and control for the three slightly imbalanced variables in the analysis

below.

TABLE A15 about here

If there is strategic manipulation we expect to see treatment effects amplified in places

that saw changes in their political boundaries. We test for this in Table A16. Column (1)

shows that changes to the constituency do not predict whether a block ends up being split.

This suggests that constituencies were not moved around with the objective of splitting

some blocks. Columns (2)-(5) show that our results are in fact stronger in magnitude for

constituencies that did not see their constituency changed, a result contrary to what we would

expect if there was strategic manipulation of boundaries. Therefore, changes in political

boundaries do not seem to explain our results. If anything, they show that in places that saw

changes to the boundaries, bureaucratic performance may have been relatively better. This

suggests that the delimitation process may be reducing then problem of split jurisdictions

overtime.

TABLE A16 about here
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Table A15: Balance Table: Comparison of Changed Constituencies

Variable Difference p-value # Unchanged # Changed

Population Index 0.002 0.542 4818 424685
Minority Index 0.011 0.197 4818 424685
Vulnerable Pop Index 0.022 0.017 4802 420063
Education Index -0.004 0.558 4821 424683
Medical Facilities Index -0.008 0.243 4821 424683
Water Index 0.007 0.432 4821 424683
Communications Index 0.003 0.508 4821 424683
Banking Index -0.001 0.843 4821 424683
Road Index -0.007 0.437 4575 394131
Urbanization Index -0.006 0.590 4575 394131
Irrigation Index 0.011 0.001 4807 424491
Agricultural Worker Index 0.022 0.038 4818 424684
Marginal Worker Index -0.002 0.880 4802 419914
Non-Agricultural Worker Index -0.004 0.610 4818 424684

Notes : This table presents balance between constituencies that changed during the
delimitation process, and those that did not. The ‘Difference’ column represents the
effect of constituency change on each Index in rows.
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Table A16: The Effect of Split Bureaucrats by Constituency Changes

Split Workdays Workdays # Worked # Worked
(1) (2) (3) (4) (5)

Constituency Changed 0.027
(0.019)

Split (β0) -0.173*** -0.169*** -0.139*** -0.121***
(0.034) (0.044) (0.025) (0.030)

Constituency Changed x Split (β1) 0.100** 0.139*** 0.086*** 0.088**
(0.041) (0.053) (0.030) (0.035)

H: β0 = β1 (p-value) 0.000 0.001 0.000 0.001
Mean Dependent Variable 0.498 8.139 8.207 5.154 5.190
# Blocks 4789 4789 4732 4789 4732
# Constituencies 2860 2860 2722 2860 2722
# Villages 419866 419866 226400 419866 226400
Census Controls YES YES YES YES YES
District FE YES YES YES YES YES
Constituency FE - YES YES YES YES
Boundary FE - - YES - YES
Bandwidth - 25km - 25km
Model OLS OLS Geo RD OLS Geo RD

Notes : *p < 0.1, **p < 0.05, ***p < 0.01. The unit of observation is the village. The outcome
for column (1) is a binary measure of weather a village belongs to a split block. The outcome
for Column (1) is an indicator variable for whether a block is split. Outcomes for columns (2)-(5)
are in natural logarithms and vary at the village cluster (gram panchayat) level. Standard errors,
clustered at the block level, are reported in parentheses. All models include constituency fixed
effects and a control for area of block. Additional census controls for OLS models in columns (1),
(3) and (5) include Population and Non-Agricultural Worker indices. Geographic RD models also
include boundary fixed effects and a flexible function in village centroid longitudes (x) and latitudes
(y). This is of the form: x+ y + x2 + y2 + xy + x3 + y3 + x2y + xy2.
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U Census Variables in Balance Table Indices

Due to the large number of variables in the 2001 Indian census (203 total variables across

the Socio-Demographic module and the Infrastructure module), we combine the individual

census variables into indices. We generated these indices using the Indian Census’ variable

groupings - for instance, our Education Index combines 10 variables listed in the census

grouping that includes all measures of school and college facilities.

The only exception we made to following the groupings of the Census was to constructing

our own Vulnerability Index. This Index combines measures of the proportion of the village

population under the age of 6, proportion illiterate, the proportion of ‘non-workers’ (a proxy

for unemployment). Each index is constructed by averaging standardized census variables,

after which we again standardize the resulting index..

We list each census’ variable included in each index below. Note: while the vast ma-

jority of census variables are binary or counts, some variables provide additional qualitative

information when village data was unavailable (known as ‘range codes’) – we omit these

additional variables.

Socio-Demographic and Economic Module of 2001 Indian Census

• Population Index

8 TOT NM HH - Total number of households

9 TOT POP - Total population

10 M POP - Male population

11 F POP - Female population

• Vulnerability Index (note: all components of Vulnerability Index are divided by TOT POP)

12 TOT L6 - Total pop below 6 years

14 F L6 - Female pop below 6 years

41



24 TOT ILLT - Total Illiterates

26 F ILLT - Female Illiterates

60 TOT NNW - Total Non-workers

62 F NNW - Female Non-workers

• Minority Index (note: all components of Minority Index are divided by TOT POP)

15 TOT SC - Total scheduled caste

16 M SC - Male scheduled caste

17 F SC - Female scheduled caste

18 TOT ST - Total scheduled tribe

19 M ST - Male scheduled tribe

20 F ST - Female scheduled tribe

• Agricultural Worker Index

33 TOT CULT - Total Cultivators

34 M CULT - Male Cultivators

35 F CULT - Female Cultivators

36 TOT AGLB - Total Agricultural Labourers

37 M AGLB - Male Agricultural Labourers

38 F AGLB - Female Agricultural Labourers

• Non-Agricultural Worker Index

39 TOT MFHH - Total Household industry workers

40 M MFHH - Male Household industry workers

41 F MFHH - Female Household industry workers
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42 TOT OTH W - Total other workers

43 M OTH W - Male other workers

44 F OTH W - Female other workers

• Marginal Worker Index

45 TOT MRW - Total Marginal workers other workers

46 M MRW - Male Marginal workers other workers

47 F MRW - Female Marginal workers other workers

48 T MRG CULT - Total Marginal workers as cultivators

49 M MRG CULT - Male Marginal workers as cultivators

50 F MRG CULT - Female Marginal workers as cultivators

51 T MRG AGLB - Total Marginal workers as agricultural labourers

52 M MRG AGLB - Male Marginal workers as agricultural labourers

53 F MRG AGLB - Female Marginal workers as agricultural labourers

54 T MRG HH - Total Marginal workers household industry workers

55 M MRG HH - Male Marginal workers household industry workers

56 F MRG HH - Female Marginal workers household industry workers

57 T MRG OTH - Total Marginal workers as other workers

58 M MRG OTH - Male Marginal workers as other workers

59 F MRG OTH - Female Marginal workers as other workers

Infrastructure and Amenities Module of 2001 Indian Census

• Education Index

18. EDU FAC - Educational facilities (binary)
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19. P SCH - Number of Primary School

21. M SCH - Number of Senior Secondary School

23. S SCH - Number of Secondary School

24. S S SCH - Number of Senior Secondary School

25. COLLEGE - Number of Collage

27. IND SCH - Number of Industrial School

28. TR SCH - Number of Training School

29. ADLT LT CT - Number of Adult literacy Class/Centre

30. OTH SCH - Number of Other educational facilities

• Medical Facilities Index

31. MEDI FAC - Medical facilities (binary)

32. ALL HOSP - Allopathic hospital, Maternity and Child Welfare Centre and

Primary Health Centre

34. AYU HOSP - Number of Allopathic Hospital

35. UN HOSP - Number of Unani Hospital

36. HOM HOSP - Number of Homeopathic Hospital

37. ALL DISP - Number of Allopathic Dispensary

38. AYU DISP - Number of Ayurvedic Dispensary

39. UN DISP - Number of Unani Dispensary

40. HOM DISP - Number of Homeopathic Dispensary

41. MCW CNTR - Number of Maternity and Child Welfare Centre

43. M HOME - Number of Maternity Home

44. CWC - Number of Child Welfare Centre Number of Health Centre
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45. H CNTR - Number of Health Centre

46. PH CNTR - Number of Primary Health Centre

48. PHS CNT - Number of Primary Health Sub Centre

49. FWC CNTR - Number of Family Welfare Centre Number of T.B. Clinic

50. TB CLN - Number of T.B. Clinic

51. N HOME - Number of Nursing Home

52. RMP - Number of Registered Private Medical Practiotioners

53. SMP - Number of Subsidised Medical Practitioners

54. CHW - Number of Community Health workers

55. OTH CNTR - Number of Other medical facilities

• Water Index

56. DRNK WAT F - Drinking Water facility (binary)

58. TAP - Tap Water (T)

59. WELL - Well Water (W)

60. TANK - Tank Water (TK)

61. TUBEWELL - Tubewell Water (TW)

62. HANDPUMP - Handpumb (HP)

63. RIVER - River Water(R)

64. CANAL - Canal (C)

65. LAKE - Lake (L)

66. SPRING - Spring (S)

67. OTHER - Other drinking water sources (O)
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• Communications Index

71. P T FAC - Post, Telegraph and Telephone facilities (binary)

72. POST OFF - Number of Post Office

74. TELE OFF - Number of Telegraph Office

75. POST TELE - Number of Post and Telegraph Office

76. PHONE - Number of Telephone connections

78. COMM FAC - Communication

79. BS FAC - Bus services

81. RS FAC - Railways services

83. NW FAC - Navigable water way including River, Canal etc.

Number of Telephone connections

• Banking Index

85. BANK FAC - Banking facility (binary)

86. COMM BANK - Number of Commercial Bank

88. COOP BANK - Number of Agricultural Credit Societies

90. CRSOC FAC - Credit Societies (Y/N)

91. AC SOC - Number of Agricultural Credit Societies

93. NAC SOC - Number of Non Agricultural Credit Societies

95. OTHER SOC - Number of Other Credit Societies

97. RC FAC - Recreational and Cultural facilities (binary)

98. C V HALL - Number of Cinema/Video-hall

100. SP CL FAC - Number of Sports Club

102. ST AU FAC - Number of Stadium/Auditorium
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• Road Index

104. APP PR - Approach - Paved Road

105. APP MR - Approach - Mud Road

106. APP FP - Approach - Foot Path

107. APP NAVRIV - Approach - Navigable River

108. APP NAVCAN - Approach - Navigable Canal

109. APP NW - Approach - Navigable water-way other than river or Canal

111. DIST TOWN - Distance from the nearest Town (in kilometer(s))

• Urbanization Index

112. POWER SUPL - Power supply (binary)

113. POWER DOM - Electricity for Domestic use

114. POWER AGR - Electricity of Agricultural use

115. POWER OTH - Electricity of other purposes

116. POWER ALL - Electricity for all purposes

117. PAP MAG - Newspaper/Magazine (binary)

118. NEWS PAP - Newspaper (Indicate N, if arrived)

119. MAGAZINE - Magazine (indicate M, if arrived)

• Irrigation Index

126. LAND FORES - Forest Irrigated (by source)

127. CANAL GOVT - Government Canal

128. CANAL PVT - Private Canal

129. WELL WO EL - Well (without electricity)
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130. WELL W EL - Well (with electricity)

131. TW WO EL - Tube-well (without electricity)

132. TW W EL - Tube-well (with electricity)

133. TANK IRR - Tank

134. RIVER IRR - River

135. LAKE IRR - Lake

136. W FALL - Waterfall

137. OTH IRR - Others [Water source]

138. TOT IRR - Total Irrigated Area

139. UN IRR - Unirrigated Area

140. CULT WASTE - Culturable waste (including gauchar and groves)

141. AREA NA CU - Area not available for cultivation

V Details for How Large are the Effects? Back of the

Envelope Calculations

In this section we detail several back of the envelope calculations we made to measure the

size of the effects found in this paper. We calculate a working age population of 2,200 by:

rural population in 2011 of 833,000,000 / 240,000 gram panchayats in 2011 * working age

proportion of the population of 63.4%. To summarize: 833,000,000/240,000*.634 ≈ 2200.

We calculate a US$2,400 shortage in income injection with: (1,000 workdays x 150 rupees

daily wage) / 62.5 rupees to a dollar conversion rate (as of April 19, 2015). We calculate

a financial cost of roughly US$600 per village-cluster by: (39 workers x 6.4 workdays x Rs.

150 daily wage) / 62.5 rupees to a dollar conversion rate.
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