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Abstract

We estimate the effects of the National Rural Employment Guarantee Scheme (NREGS),

one of the world’s largest anti-poverty programs, on the Maoist conflict in India. Difference

in differences analyses, based on the phased roll-out of NREGS across districts between

2006 and 2008 and a new panel dataset on Maoist conflict violence based on local language

press sources, show that NREGS adoption caused a roughly 80% reduction in violent inci-

dents and deaths. This effect was not driven by pre-adoption trends and emerged after three

quarter-years of program adoption. We provide evidence for an opportunity cost channel

by showing that NREGS’ violence reducing effects impacted all targets of violence and were

larger in districts experiencing negative rainfall shocks. The results provide new evidence

that large-scale anti-poverty programs represent an important policy tool for mitigating vi-

olent civil conflict.
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1 Introduction

More than half of all nations have experienced violent civil conflict since 1960 (Blattman and

Miguel, 2010). In the existing literature, poverty is arguably the dominant explanation for civil

conflict. Theoretical work suggests that poverty may contribute to civil conflict because of the

low economic opportunity costs of participating in conflict or by generating grievances among

the poor (Grossman, 1991; Collier and Hoeffler, 2004; Dal Bó and Dal Bó, 2011). Empirically,

cross-national analyses have found that a lower per capita income level is among the best pre-

dictors of civil conflict (Collier and Hoeffler, 1998; Fearon and Laitin, 2003). A large literature uti-

lizing rainfall shocks as a source of exogenous variation in agricultural productivity shows that

negative productivity and income shocks contribute to the intensification of conflict (Miguel,

Satyanath and Sergenti, 2004).

Given the extensive evidence of a poverty-violence relationship, it is widely believed that

anti-poverty programs represent a viable policy intervention to reduce violence (Collier et al.,

2003). Yet empirical evidence of anti-poverty programs that have succeeded in mitigating vio-

lent civil conflict by improving economic conditions is surprisingly rare. Crost et al. (Forthcom-

ing) find that the KALAHI-CIDSS, a participatory local public goods program in the Philippines,

increased violence in the early stages of program implementation due to rebel attempts to sab-

otage the program. Berman et al. (2011) provide evidence that CERP, a US military funded

public services program in Iraq, reduced insurgent violence. However, they argue that this re-

duction was due not directly to improved economic conditions or to changes in opportunity

costs; rather, they argue that conditional access to development programs incentivizes civilians

to inform against rebels and therefore contributes to the success of counter-insurgency oper-

ations. Several cross-national analyses examine the impact of foreign aid upon civil conflict,

finding surprisingly that foreign aid often increases conflict (Nielsen et al., 2011; Besley and

Persson, 2011; Nunn and Qian, Forthcoming).
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In contrast to the findings of the existing literature, we provide evidence that large-scale anti-

poverty programs can mitigate violent civil conflict by improving economic conditions and in-

creasing the economic opportunity costs of participation in insurgency. We estimate the im-

pact of the National Rural Employment Guarantee Scheme (NREGS) on the Maoist conflict in

India. Enacted in 2005, NREGS guarantees every rural household in India up to 100 days of lo-

cal public works employment annually, making it one of the largest anti-poverty programs in

the world. The Maoist insurgency, concentrated in the poorest districts of India’s central and

eastern ‘red belt’ states, draws support from and claims to represent the interests of the rural

poor. The Maoist insurgency seeks to violently establish a zone of control outside of the Indian

state and in 2006 was termed by India’s prime minister as the country’s “gravest internal secu-

rity challenge". According to our data, in the six red belt states of India between 1999 and 2009

the conflict between government security forces and the Maoist militia resulted in at least 7,900

deaths and the displacement and disruption of the lives of many more.

There are several reasons to believe that the impact of NREGS may have differed from that of

previously studied development programs. Unlike the CERP and KALAHI-CIDDS programs in

Iraq and the Philippines (Berman, Shapiro and Felter, 2011; Crost, Felter and Johnston, Forth-

coming), respectively, NREGS has had a large impact on rural labor markets, because the pro-

gram provides employment to households (as opposed to public goods) and because of its

much greater scale. In 2009, the Indian government spent over $8 billion on the program and

national sample survey data show that 24 percent of rural household participated in NREGS,

with each participating household receiving on average 37 person-days of employment. NREGS

therefore provides a better setting for testing whether anti-poverty programs can reduce vio-

lence by increasing the economic opportunity costs of participation in insurgency. NREGS is

also a domestically funded national anti-poverty program. The program does not possess the

budget constraint-relaxing and transitory characteristics of foreign aid, which have been found

to exacerbate conflict (Nielsen et al., 2011; Collier and Hoeffler, 2007).

3



Our first contribution is to assemble a new district-level panel dataset on Maoist conflict vi-

olence compiled from multiple local language press sources, enabling us to study the primarily

rural conflict with unprecedented accuracy. The dataset set covers 144 districts between 1999

and 2009 across the six central and eastern states– Andhra Pradesh, Bihar, Chhattisgarh, Jhark-

hand, Orissa, and West Bengal– in which over 90% of Maoist conflict deaths occur. The dataset

geo-codes attacks and deaths to districts on a monthly basis. We use this data to measure deaths

and violent incidents associated with the Maoist conflict, our dependent variable. This dataset

measures a greater number of attacks and deaths, with much greater accuracy and over a longer

time span, than do existing datasets based upon English language news reports.

Our second contribution it to identify the causal effect of NREGS adoption on Maoist conflict

violence. To estimate the effects of NREGS, we take a difference in differences identification

strategy based upon the roll-out of NREGS across districts in three phases between 2006 and

2008. Such an empirical strategy permits a comparison of changes in violence outcomes in

districts receiving NREGS versus control districts, while controlling for district and year fixed

effects. The inclusion of district fixed effects absorbs any time invariant omitted variables and

means that we identify the effects of NREGS utilizing within-district variation over time. To

account for possible non-parallel trends across districts arising from the assignment of poorer

districts to earlier phases of NREGS implementation, we control for the ‘backwardness index’

score used to assign districts to NREGS phases in interaction with time dummy variables. We

provide evidence that controlling for the backwardness index score achieves balance on major

pre-treatment covariates thought to be related to the Maoist conflict. We also provide evidence

that our results are not driven by non-parallel pre-adoption trends in violence.

Poisson regression analyses show that NREGS caused a large long-run reduction in violence.1

1We utilize Poisson quasi-maximum likelihood regression models because they are appropriate for our violence
outcome data, which are count variables. Poisson QML models are also robust to the inclusion of unit fixed effects
and to arbitrary distributional assumptions (Wooldridge, 1999), unlike other count models. We also report parallel
OLS regression results, which are similar, in the appendix.
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The estimates suggest that after two years of NREGS adoption the rate of violent incidents and

deaths per district-year fell by roughly 80%, an extremely large violence reducing effect. The

estimates are consistent across a range of specifications, including, in addition to the control

variables described above, state-year fixed effects and lagged dependent variables. Additional

analyses of the timing of the effect show that NREGS’s violence reducing effect was not driven

by a pre-adoption trend and emerged after three quarter years of NREGS adoption.

Our third contribution is to test for the channel for these violence reducing effects. We pro-

vide evidence that NREGS mitigated violence through a labor market and opportunity cost

channel. First, we show that NREGS adoption reduced violence against all targets: government

forces, civilians, and Maoists. This is consistent with an opportunity cost channel, in which

the program dis-incentivizes participation in the insurgency and thereby reduces the intensity

of both Maoist attacks and government counter-insurgency operations. Secondly, we provide

direct evidence for an opportunity cost channel by exploiting rainfall shocks as a source of ex-

ogenous variation in agricultural productivity and labor demand. We show that NREGS’s vio-

lence reducing effects were larger in districts experiencing a negative rainfall shock; using pro-

gram monitoring data, we provide evidence that these larger effects were connected to greater

NREGS employment provision during these periods.

The paper contributes to the large literature, reviewed by Miguel and Blattman (2010), on

the economics of violent civil conflict. It also contributes to the nascent literature on the im-

pact of development programs on conflict, though it differs from Crost et al. (Forthcoming)

in finding that anti-poverty programs can reduce violence and from Berman et al. (2011) in

finding evidence for a labor market and opportunity cost channel for the effect. The findings

are consistent with a recent field experiment which finds that better employment opportuni-

ties resulting from a job training program reduced conflict participation in Liberia (Blattman

and Annan, 2014). We show that the direct provision of public employment via a large-scale

anti-poverty program reduces violence as well.
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The remainder of the paper is structured as follows. We first provide background on the

Maoist conflict and on NREGS. We then develop the theoretical argument about the impact of

NREGS on the Maoist conflict. We then describe the data and empirical strategy before report-

ing the results. The final section concludes.

2 Background

The Maoist Conflict

The stated goal of India’s Maoist insurgency is to violently establish a zone of control outside

of the Indian state. The movement subscribes to a Maoist ideology and advocates pro-rural

poor agenda, including land redistribution and the prevention of displacement of tribal popu-

lations by mining projects. The Maoist insurgency can be traced historically to the “Naxalite"

movement, which originated in 1967 as an anti-landlord peasant uprising in Naxalbari, a village

in West Bengal (Banerjee, 1980). Though the Naxalite movement in West Bengal was violently

repressed, the movement survived over the next three decades in the form of several splinter

groups. The conflict between the Maoist insurgency and the Indian government resurged in

the 2000s, in particular after 2004, when the two major Maoist movement factions joined forces

to form the Communist Party of India (Maoist).

Organizationally, the Maoist insurgency consists of a military and a political wing, with a

decentralized leadership structure. Though details are murky, the Maoist militia is estimated

to possess several thousand armed fighters, with considerable variation in strength across dis-

tricts. In areas it controls, the Maoist movement provides social services, such as healthcare,

and also enforces its own regulations, for instance alcohol prohibitions and a ban on partici-

pating in elections (for overviews see Chakravarti (2009) and Pandita (2011)).

In 2006, Indian prime minister Manmohan Singh termed the insurgency the “country’s gravest

internal security challenge" and the central government has aggressively sought to crack down
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on the insurgency through the deployment of central reserve police forces (CRPF), trained specif-

ically to fight against the Maoist insurgency. States have also pursued their own strategies to

crack down on the insurgency. For instance, Andhra Pradesh has created a counter-terrorism

force, the Greyhounds, specifically trained for jungle warfare. More controversially, the state of

Chhattisgarh has provided support and training to the Salwa Judum, a vigilante civilian militia

that has been accused of human rights violations and atrocities.

The conflict between the government and Maoist insurgency has resulted in a large num-

ber of civilian, Maoist, and government security force deaths. The Maoist insurgency has in-

flicted large casualties on government security forces, especially via planned ambushes. Secu-

rity forces have inflicted large numbers of casualties on the Maoist insurgency via heavily armed

counter-insurgency operations and incursions. Civilians are often victims of collateral damage

arising from “encounters" between government and Maoist forces.

Figure 1 displays total violent incidents and deaths associated with the Maoist conflict in the

six red belt states of India – Andhra Pradesh, Bihar, Chhattisgarh, Jharkhand, Orissa, and West

Bengal – between 1999 and 2009. Notably, violence spikes following the unification of the CPI

(Maoist) in 2004, but appears to decline between 2006 and 2008, the time period during which

NREGS was rolled out across districts.

[Figure 1 About Here]

A growing body of research analyzes the determinants of Maoist conflict, finding that poverty

and socio-economic marginalization are major determinants of the strength of the insurgency.

Borooah (2008) finds that Maoist conflict violence increases across districts in the poverty rate

and falls in the literacy rate. Hoelscher, Miklian and Vadlamannati (2012) find that conflict in-

creases with forest cover, prevalence of conflict in neighboring districts, and the population

share of members of scheduled castes and tribes. Gomes (2012) finds a strong effect of land

inequality on Maoist violence. Vanden Eynde (2011) examines the strategic choices of targets

7



and the intensity of violence committed by Maoist insurgents and finds a reduced form effect of

negative rainfall shocks on conflict. Gawande, Kapur and Satyanath (2012) show that negative

rainfall shocks increase Maoist conflict violence via effects on the livelihoods of forest-based

tribal populations.

The findings of the quantitative literature are consistent with ethnographic evidence that the

insurgency recruits and draws support from the rural poor, especially India’s marginalized tribal

population (Bhatia, 2005; Harriss, 2010; Guha, 2007). The Indian home ministry itself believes

the Maoist insurgency to originate in poverty and socioeconomic marginalization, reporting

in its 2005-06 annual report that the insurgency “...is not merely a law and order problem but

has deep socioeconomic dimensions" and in its 2010-11 annual report that “Left Wing Extrem-

ists operate in the vacuum created by functional inadequacies of field level governance struc-

tures, espouse local demands and take advantage of prevalent dissatisfaction and feelings of

perceived neglect and injustice among the under privileged and remote segments of popula-

tion" (Government of India, 2005, 2011).

NREGS

Enacted in 2005, NREGS guarantees each rural household up to 100 days of employment on

local public works projects. With nearly 70 percent of India’s 1.2 billion population living in

rural areas, NREGS ranks as one of the largest anti-poverty programs in the world. In 2009,

according to official statistics, the national government spent $8 billion on NREGS. National

sample survey data from 2009-10 show that 24 percent of India’s rural households participated

in NREGS in that year, with each participating household receiving on average 37 person-days

of employment (Dutta et al., 2012).

NREGS stands apart from previous anti-poverty programs in India because access to the pro-

gram is not means-tested. Like “workfare" programs generally (Besley and Coate, 1992), NREGS

is designed to be “self-targeting", with the employment requirement for receipt of benefits in-
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tended to screen those with better outside employment options. NREGS participants are em-

ployed typically on small-scale local public works projects, such as ditch irrigation. Wages paid

under NREGS vary by state and are adjusted over time, but in all states effectively amount to a

minimum wage, on average $2/day. An innovation in the administrative design of the program

is that locally elected village councils possess significant control of the daily administration of

the program, including the distribution of job cards, the handling of employment requests, and

the management of wage payments.

A growing program evaluation literature suggests that overall NREGS has had very large labor

market impacts. Though studies document considerable corruption in the program (Imbert

and Papp, 2011), mainly in the form of stolen wages and fictional employment (Niehaus and

Sukhtankar, 2013), several studies utilizing a difference-in-differences identification strategy

similar to that employed in this paper find that NREGS has improved living standards of rural

households. Imbert and Papp (Forthcoming) find that NREGS adoption caused an increase in

real earnings of rural households, notably for program non-participants as well as participants

via labor market equilibrium effects. Berg et al. (2012) similarly find that NREGS adoption has

after 6-12 months passed through to higher wages for agricultural laborers. The consensus of

a large number of studies on NREGS is that the program has a had a significant impact on a

number of different labor market outcomes (see edited volumes by Khera (2011) and Mann and

Pande (2012) for a comprehensive review).

3 Theoretical Framework

To understand the impact of NREGS upon the Maoist conflict, we take as a theoretical starting

point economic opportunity cost theories of civil conflict (Grossman, 1991; Collier and Hoeffler,

2004; Dal Bó and Dal Bó, 2011). These theories hold that poverty and low returns to peaceful

economic activity make participation in violent insurgency relatively more attractive.
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As discussed, several accounts, both popular and academic, stress the role of poverty in in-

creasing the appeal of joining or supporting a Maoist insurgency that – while highly risky –

promises an alternative economic regime, including social services, protection against corrupt

bureaucrats, and an alternative stream of income. Previous research provides evidence for an

opportunity cost theory of the Maoist conflict (Gawande, Kapur, and Satyanath, 2012; Vanden

Eynde, 2011), showing that negative rainfall shocks increase Maoist violence.

To the extent that NREGS increases real earnings and provides an effective safety net to rural

households, the program plausibly reduces the relative appeal of supporting and joining the

insurgency. This is especially true of direct recruitment into the Maoist cadres, but also of latent

civilian support for the insurgency, which previous research shows is an important dimension

of rebel success and failure in civil conflict (Kalyvas, 2006). This is because lending informal or

indirect support to the Maoist movement runs the risk of attracting reprisal and indiscriminate

violence from government security forces.

Thus, by reducing recruitment and support, in the long run NREGS adoption plausibly mit-

igates the ability of the Maoists to launch attacks and also plausibly reduces the intensity of

violence arising from government counter-insurgency operations, which are targeted primarily

at strongholds of the insurgency. This yields the first hypothesis:

H1: NREGS adoption caused a long-run decrease in Maoist conflict-related violence.

Previous research on CERP, a public goods program operated by the US military in Iraq, sug-

gests that an alternative to an opportunity cost theory of the impact of development programs

on conflict is a ‘hearts and minds’ theory (Berman, Shapiro and Felter, 2011). However, NREGS

differs in design and scale from CERP in ways that makes a labor market and opportunity cost

channel more plausible. Unlike CERP, NREGS provides employment directly to households and

has had a large impact on rural household earnings and labor markets in India. NREGS also

exceeds CERP in scale and coverage. CERP was allocated discretionarily and accounted for just
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$3.1 billion in spending over over a five year period. By contrast, NREGS covers all rural house-

holds and accounts for over $8 billion in spending annually.

Qualitative evidence also supports an opportunity cost theory in the case of NREGS. An im-

portant part of the ‘hearts and minds’ theory is that service provision is conditional on gov-

ernment control, thereby creating incentives for civilians to inform against rebels. There is no

evidence for such a scenario in the case of NREGS. In line with its view that the Maoist insur-

gency has “deep socioeconomic dimensions" the Indian government has actively targeted the

program at districts impacted by the Maoist insurgency rather than at districts safely under gov-

ernment control.2 Surprisingly, though the Maoist insurgency’s 2013 manifesto termed NREGS

an “imperialist conspiracy" there is little evidence that the insurgency has systematically inter-

fered in the program’s implementation (Banerjee and Saha, 2010).3

Ultimately, we treat the impact of NREGS on Maoist conflict violence as an empirical issue,

and test for a labor market and opportunity cost channel. We do this first by dis-aggregating

the effects of NREGS by target of violence. A ‘hearts and minds’ theory of NREGS’s effects ar-

guably predicts an increase in violence against Maoist forces as information-sharing by civilians

increases the effectiveness of counter-insurgency operations. By contrast, an opportunity cost

theory predicts that NREGS adoption reduces violence against all targets because the program

dis-incentivizes participation in the insurgency, diminishing the ability of the Maoist militia to

launch attacks against security forces, and reducing the intensity of counter-insurgency oper-

ations, which are targeted primarily at strongholds of the insurgency. This yields the second

hypothesis:

2Districts classified as “left wing extremism" affected were prioritized for the first phase of NREGS adoption.
In 2010, the Indian government introduced an Integrated Action Plan program for left wing-extremism affected
districts, sending additional grant aid for spending on development programs to each district.

3The best available data for gauging NREGS program uptake is a 2009 national household sample survey. The
survey finds that in the ‘red belt’ states under analysis, rural household participation in NREGS was as follows:
Andhra Pradesh (35.4%), Bihar (9.9%), Chhattisgarh (47.9%), Jharkhand (19.2%), Orissa (22.0%), and West Bengal
(43.2%). These levels are close to the national average of 24.9% participation.
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H2: NREGS adoption caused a long-run reduction in violence against all targets.

Finally, we develop the testable implication that if NREGS reduced violence by increasing

economic opportunity costs of joining and supporting the insurgency, its impact on reducing

violence should have been larger in districts with low levels of agricultural productivity and la-

bor demand. The problem with testing this directly with data on employment or wage levels

is that these variables are plausibly endogenous with respect to a number of variables, such as

state capacity, which might have shaped the effects of NREGS on violence. However, rainfall

shocks provide a valuable source of exogenous variation in productivity and labor demand in

rain-fed agricultural economies (Jayachandran, 2006; Miguel, Satyanath and Sergenti, 2004),

allowing us to test whether NREGS’s violence reducing effects were larger in districts experienc-

ing a negative shock to productivity and labor demand, as an opportunity cost theory predicts.

This yields the final hypothesis:

H3: The violence reducing effects of NREGS adoption were larger after negative rainfall shocks.

4 Data

Dependent Variable

Our dependent variable is Maoist conflict violence, measured in terms of violent incidents and

deaths. One of the challenges of studying a rural insurgency is that violence is difficult to mea-

sure and easily available data sources are often susceptible to severe reporting bias. Our empir-

ical strategy focuses on within-district variation over time and therefore requires collecting data

with a good degree of precision at the district level. To deal with these challenges, we assemble

a new district-level panel dataset on Maoist violence compiled from multiple local language

press sources. The dataset covers 144 districts between 1999 and 2009 in the six eastern states
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– Andhra Pradesh, Bihar, Chhattisgarh, Jharkhand, Orissa, and West Bengal – in which over

90% of Maoist conflict deaths occur. The dataset geo-codes attacks and deaths to districts on a

monthly basis, though we use year and quarter-year as our time unit of analysis.

Section 1 of the Appendix details the process of how the dataset was constructed. In brief,

over two years for each state a team of researchers examined archives of daily editions of four

distinct media sources for mentions of Maoist conflict incidents: the national English press,

the regional English press, the local language (vernacular) dailies, and two wire services. By

analyzing local language press sources we obtain much better coverage of the conflict in rural

areas, which attracts little national English press coverage except in the case of major conflict

incidents.4 Each incident was geo-coded at the district level. For each incident, the number of

civilian, government security personnel and Maoist deaths were recorded.5 Our core measures

of violence are the sum of total violent incidents and the sum of civilian, government security

force and Maoist deaths (some analyses disaggregate by target of violence).

Because some districts split over the time frame under analysis, we utilize 2001 census dis-

trict boundaries. We restrict the analysis to the six eastern states because the Maoist conflict is

overwhelmingly concentrated in this region, with over 90% of deaths occurring in these states.

The six states together contain 144 districts and over 378 million people. Figure 2 displays a

map of average annual deaths associated with the Maoist conflict between 1999 and 2009 by

district.

[Figure 2 About Here]

4We are able to capture a substantially larger number of casualties than the widely used South Asia Terrorism
Portal database. See section 1 of the Appendix for more details.

5A handful of incidents spanned multiple districts. To deal with this, we evenly divided the casualties associated
with these incidents between the spanned districts.
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Explanatory Variables

Our difference in differences empirical strategy leverages the roll out of NREGS in three phases

across district in India. Phase 1 districts received the program in February 2006, Phase 2 dis-

tricts in April 2007, and Phase 3 districts in April 2008.6 Our core explanatory variable ‘pools’

across these different phases with a binary treatment indicator that takes a value of 1 follow-

ing program adoption in a district and 0 otherwise. Figure 3 displays a map of districts in the

analysis by phase group.

[Figure 3 About Here]

Districts were assigned to NREGA implementation phases non-randomly. In all major states,

districts were scored on a ‘backwardness index’ (BI), a technocratic score constructed by India’s

Planning Commission prior to the enactment of NREGA (Nayyar, 2003). A district’s compos-

ite score was based upon percentage of disadvantaged minorities (scheduled caste and tribal

groups) in the population (M), agricultural output per worker (O), and agricultural wage rate

(W), measured with census and sample survey data from the 1990s. The formula used to com-

pute a district’s BI score was:

B Ii = max(M)−Mi

max(M)−mi n(M)
+ Oi −mi n(O)

max(O)−mi n(O)
+ Wi −mi n(W )

max(W )−mi n(W )
, (1)

with a lower score indicating a relatively lower level of development. This score was then used

to assign districts to NREGA implementation phases in a particular way. First, a fixed number

of slots for each NREGS adoption phase was assigned by the Planning Commission to states.

Second, within states poorer districts were recommended to earlier phases of NREGS adoption

in order of their intra-state rank on the backwardness index. Thirty two-districts, however, were

6Three completely urban districts in the states under analysis, Hyderabad, Vishakhapatnam, and Kolkata, did
not receive the program. These districts drop out from the analysis.
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prioritized for phase 1 adoption regardless of score due to being classified as “left wing extrem-

ism affected" by the Indian government. In line with their constitutional authority over social

programs, states also retained discretion in the allocation of districts to phases.

This process of non-random selection raises concerns about the parallel trends assumption

that underpins a difference in difference identification strategy. However, these concerns are

mitigated by the fact that the timing of the NREGS adoption by phase was decided on a national

rather than on a localized basis. These concerns are also mitigated by the fact that we pool the

treatment effect of NREGS adoption across all three phase groups. We also deal with the issue

by controlling directly for a district’s score on the backwardness index in interaction with time

dummy variables,7 and by directly testing for pre-NREGS adoption trends in violence in the

later empirical analysis

We assess the effect of controlling for the backwardness index in a cross-sectional OLS re-

gression of different pre-treatment development indicators that might be related to the dynam-

ics of Maoist violence – average real agricultural wages between 2004-2005, percentage of dis-

advantaged minorities (scheduled castes and scheduled tribes) in the population, and share of

villages with a primary school – on phase group dummy variables. The results of these regres-

sions, before and after the inclusion of the backwardness index score variable, are reported in

Table 1.

[Table 1 About Here]

Predictably, phase 1 districts are characterized by lower real wages and higher tribal and

lower caste population shares, though they surprisingly do not seem to possess significantly

fewer schools. Controlling for a district’s backwardness index score improves balance across

7Five predominantly urban districts, Patna, Raipur, Dhanbad, Ranchi, and Howrah, in the states under analysis
did not receive a score on the backwardness index. We construct a score for each of these districts by averaging the
backwardness index scores of neighbouring districts. All results are also robust to simply dropping these districts
from the analysis.
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phase groups on these pre-treatment measures of development, especially in terms of the per-

centage of disadvantaged minority groups in the population. This highlights the importance of

controlling for the backwardness index score in the later empirical analysis.

To test hypothesis 3, which examines variation in the effects of NREGS as a function of rain-

fall shocks, we utilize annual data on district-level rainfall and various NREGS program mon-

itoring indicators. Annual district-level rainfall data in total millimetres comes from the In-

dian Meteorological Department, which creates monthly gridded rainfall maps based on rain-

fall gauges throughout the country. We standardize this annual rainfall variable by taking its

natural log and subtracting the sample mean. Since all regressions include district fixed ef-

fects, they implicitly identify the effects of over time variation within districts i.e. rainfall shocks.

Our program monitoring indicators for NREGS at the district-year level are total employment

(in 100,000 person-days), total expenditure (in million rupees), total number of public works

projects (1,000 projects), and employment for women, scheduled tribe, and scheduled caste

participants, respectively (in 100,000 person-days). These data were obtained from the Min-

istry of Rural Development, which compiles these statistics on the basis of monthly progress

reports submitted by district-level bureaucrats.

Table 2 reports descriptive statistics for the major variables in the analysis. We note consider-

able within-district variation over time in Maoist conflict violence. Since our analysis includes

district fixed effects, we investigate the role that NREGS adoption played in mitigating violence

within districts over time.

[Table 2 About Here]
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5 Results

We utilize a difference in differences identification strategy based upon the phased roll-out of

NREGS across districts between 2006 and 2008. Such an approach controls for unobservable

omitted variables with time invariant effects as well as time-based trends and shocks that affect

all districts equally, but relies on the crucial assumption of parallel trends across districts, for

which we provide evidence.

To estimate the effects of NREGS adoption, we utilize a Poisson quasi-maximum likelihood

(QML) regression model, which is appropriate for our violence outcome data, a count variable,

and for which coefficient estimates are robust to arbitrary distributional assumptions as long

as the conditional mean is specified correctly (Wooldridge, 1999).8 The Poisson model is also a

consistent estimator in the the presence of unit fixed effects, unlike other count models, which

suffer from the ‘incidental parameters’ problem. We estimate a regression equation of the form,

E(V i olencei t ) = exp
(
γi +τt +β1N REGSi t +β2N REGSi ,t−1 +δX′), (2)

where V i olencei t is a measure of violence in district i and year t , either total incidents or to-

tal deaths. The variable N REGSi t represents NREGS adoption, pooling across all three phases

of NREGS adoption (in 2006, 2007, and 2008, respectively). We include a lagged value of the

treatment indicator to estimate the long-run effects of NREGS. This is important because con-

siderable research shows the NREGS uptake was gradual rather than immediate. To compute

the long run-effect of NREGS adoption on violence, the substantive quantity of interest, we we

exponentiate the sum of the coefficients on the lagged and contemporaneous treatment indi-

cator (giving us the incidence rate ratio), and subtract one, giving us the estimated percentage

change in violence caused by two or more years of NREGS adoption.

8We also estimate and report a parallel set of results using OLS in the appendix. All results are qualitatively
similar.
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All regressions include district fixed effects, γi . This means we utilize within-district varia-

tion over time to estimate NREGS’s effects on violence and can rule out time-invariant omitted

variables, such as terrain and geography. All regressions include year fixed effects, τt , which

absorb time-based shocks and trends common to all districts. The term X′ is a vector of covari-

ates. All regressions control for a district’s score on the backwardness index, in interaction with

year dummy variables, in order to minimize concerns about non-parallel time trends across

different phase groups arising from the assignment of less developed districts as measured on

the backwardness index to earlier phases of NREGS adoption. Some specifications addition-

ally control for state-year fixed effects or lagged values of the dependent variable, to rule out

the possibility that non-parallel trends across states or auto-correlation drive the results. All

models estimate robust standard errors adjusted for clustering by district, to account for over-

time correlation within districts in violence. Robust standard errors also account for possible

over-dispersion in our violence data. We report the Poisson regression estimates in Table 3.

[Table 3 About Here]

The table reports both the raw coefficient estimates as well as estimates of the substantive

quantity of interest, the estimated percentage change in violence after two or more years of

NREGS adoption, as well as a 95% confidence interval for this estimate. The regression esti-

mates suggest that NREGS adoption caused a large long-run reduction in incidents of Maoist

conflict violence as well as total deaths. In the base specification reported in columns (1) and

(4), NREGS adoption is estimated to have caused on average a 82% long-run reduction in Maoist

conflict incidents and a 87% long-run reduction in Maoist conflict deaths. These are massive

reductions in violence in percentage terms. To gain a sense of the implied effects in terms of

absolute numbers, take the average number of deaths per district-year (5) and multiply this by

the estimated long-run effects of NREGS on violence (-87%). This computation suggests that

NREGS adoption in the long run caused on average a 4.35 reduction in deaths per district-year,
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a number close to the OLS estimates reported in Table A1 of the appendix. The coefficient es-

timates suggest that this effect emerged in large part in the second year of program adoption,

with large, negative, and statistically significant estimates of the coefficient on the lagged treat-

ment indicator.

The estimates are stable across different specifications. Columns (2) and (5) additionally

control for a lagged value of the dependent variable, to account for possibly dynamics in the

relationship between NREGS adoption and violence. Finally, columns (3) and (6) control for

state-year fixed effects, thereby absorbing any time trends and shocks specific to states. This

specification rules out concerns about non-parallel trends across states. While the coefficient

estimates shrink slightly, the estimates suggest that NREGS adoption caused a 78-81% long run-

reduction in Maoist conflict incidents and a 78-86% long-run reduction in total deaths.

Timing of Effect

The central assumption that underpins a difference-in-differences identification strategy is the

parallel trends assumption i.e. the assumption that, conditional on covariates, districts adopt-

ing NREGS were not experiencing declining trends in violence independent of program adop-

tion. A natural ‘placebo test’ of this assumption is to examine whether districts about to receive

NREGS were experiencing reductions in violence prior to program adoption.

To investigate time patterns of changes in violence before and after the adoption of NREGS

at a more fine-grained level, we utilize quarter-yearly data instead of yearly data, and regress

our measures of violence on indicators for each of the four quarters prior to NREGS adoption

and for each of the eight quarters including and following NREGS adoption (the final dummy

variable is an indicator of the eighth quarter onward). As before, we estimate a Poisson QML

regression model that includes district and year fixed effects and controls for the backwardness

index score in interaction with year dummy variables. We display the estimated coefficients on

the time period indicators in Figure 4. Vertical bars represent 95% confidence intervals (with
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robust standard errors adjusted for clustering within districts).

[Figure 4 About Here]

The analysis shows that the estimated effects of NREGS adoption on Maoist conflict vio-

lence were not driven by a pre-adoption trend. Rather, both incidents and deaths started to

fall in a district in roughly the third quarter-year of program adoption, with the effect emerging

fully in the second year of program adoption, consistent with main results already reported.

This finding lends credence to the main findings in their realism. As discussed, it took several

months, and sometimes more than a year, for formal program adoption to pass through to jobs

and wages on the ground (Bhatia and Dreze, 2006; Berg et al., 2012), and to have a substantial

impact on the labor market in a way that might have mitigated the conflict.

Testing the Opportunity Cost Channel

We argue that NREGS adoption reduced violence by improving economic conditions and in-

creasing the opportunity costs of supporting and participation in the insurgency. We conduct

two separate tests of this posited channel. First, we dis-aggregate the violence reducing effects

of NREGS adoption by the targets of violence. Secondly, we investigate heterogeneity in the ef-

fects of NREGS adoption as a function of rainfall shocks, which provide a source of exogenous

variation in agricultural productivity and labor demand.

An opportunity cost theory predicts that NREGS adoption reduces violence against all tar-

gets: civilians, government security forces, and Maoists. This is because increasing opportunity

costs diminish the ability of the Maoist militia to launch attacks against security forces, reduce

the intensity of counter-insurgency operations, which are targeted primarily at strongholds of

the insurgency, and reduce the number of clashes resulting in civilian deaths. By contrast, a

‘hearts and minds’ theory of NREGS’s effects arguably predicts an increase in violence against
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Maoist forces as information-sharing by civilians increases the effectiveness of counter-insurgency

operations. Table 4 reports estimates of the impact of NREGS adoption on deaths dis-aggregated

by target of violence.

[Table 4 About Here]

Strikingly, the estimates suggest that across the board NREGS adoption caused a long-run

reduction in violence against all targets. These patterns are consistent with an opportunity

cost channel, with NREGS adoption dis-incentivizing participation in the insurgency and re-

ducing the intensity of government counter-insurgency operations. By contrast, there is no

evidence that the program increased the effectiveness of counter-insurgency operations, with

Maoist deaths falling, not increasing, following program adoption. The estimated long-run ef-

fects on violence against government security forces are negative, but imprecisely estimated.

There is some evidence of a small increase in violence against security forces in the first year of

program adoption followed by a large decline in the second year of program adoption. How-

ever, the coefficients on the contemporaneous indicator of program adoption, while positive,

are statistically insignificant, while the coefficients on the lagged indicator of program adoption

are large, negative and statistically significant.

We now show that NREGS’s violence reducing effects were larger in districts experiencing

a negative rainfall shock, providing further support for an opportunity cost channel. As dis-

cussed, rainfall shocks provide a source of exogenous variation in agricultural productivity and

labor demand. If NREGS reduced violence by increasing opportunity costs, its violence reduc-

ing effects should have been especially large in districts experiencing a negative rainfall shock.

We estimate a model of the form,

E(V i olencei t ) = exp
(
γi +τt +β1N REGSi t +β2N REGSi ,t−1 +δX′+ (3)

+θ1Rai ni t +θ2Rai ni t ×N REGSi t +θ3Rai ni t ×N REGSi ,t−1
)
, (4)
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where the long run effect of NREGS now varies as a function of rainfall. Our measure of rainfall is

the natural log of annual mm of rainfall, standardized by subtracting the sample mean. Since we

include district fixed effects, we implicitly identify the effects of within district rainfall variation

over time, or rainfall shocks. An opportunity cost-based theory would expect to see a positive

estimate for the coefficients θ2 and θ3, implying that more negative rainfall realization results in

a larger reduction in violence after the adoption of NREGS (or a more positive rainfall realization

a smaller reduction in violence). We can also estimate the same equation with lagged values of

rainfall, to assess whether previous year rainfall shocks shape the impact of NREGS.

We report the results of these analyses graphically in Figure 5, displaying the long-run effect

of NREGS adoption on violence as a function of within-district standard deviations of rainfall

variation from the standardized sample mean of zero. Again, to obtain the substantive quantity

of interest, we exponentiate the sum of the coefficients on the contemporaneous and lagged

treatment indicators (β1+β2+θ2Rai ni t +θ3Rai ni t ), which now varies as a function of rainfall,

and subtract one to compute the percentage change in the violence rate caused by two or more

years of NREGS adoption. Table A2 in the appendix reports the full set of regression results in

table form.

[Figure 5 About Here]

The results are strongly consistent with an opportunity cost channel. NREGS’s violence re-

ducing effects are found to vary strongly with rainfall shocks, with a larger violence reduction

is districts experiencing a worse rainfall realization i.e. a negative shock to agricultural produc-

tivity and labor demand. In all four models, F-tests strongly reject the null hypothesis that the

coefficients on the interaction terms between rainfall and NREGS adoption are equal to zero

(θ2 = θ3 = 0). Interestingly, we find that the impact of NREGS adoption on both incidents and

total deaths varies as a function of rainfall shocks, and that both current year and previous year

rainfall shocks modify the relationship between NREGS adoption and violence. These results
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are consistent with Fetzer (2014), who investigates the role of NREGS adoption in moderating

the rainfall-violence relationship in India in detail.

To verify that the larger impacts of NREGS in districts experiencing a negative rainfall real-

ization are connected to the greater intensity of the program in these areas, we utilize program

monitoring data to assess whether negative rainfall shocks cause increases in NREGS employ-

ment provision. We focus on the sample of district-years in which NREGS has already been

adopted, and estimate OLS regression of different program monitoring indicators on measures

of current year and previous year rainfall. Our indicators of program are intensity are total em-

ployment (in 100,000 person-days), total expenditure (in million rupees), total public works

projects (1,000 projects), and employment for female, scheduled caste, and scheduled tribe re-

cipients, respectively. As before, the inclusion of district fixed effects means that we identify

the effects of within district rainfall variation over time, or rainfall shocks. The OLS regression

results are reported in Table 5.

[Table 5 About Here]

The results provide additional confirmation of an opportunity cost channel. Employment

provision across categories, total works, and expenditure under the program rise sharply in dis-

tricts experiencing a more negative rainfall realization, rationalizing the larger violence-reducing

effects of NREGS adoption in these areas. The magnitude of the estimates of the responsive-

ness of NREGS program intensity to rainfall shocks are large. For instance, a one within-district

standard deviation (0.25) shortfall in previous year rainfall is estimated to cause an increase

(−0.25×−30.604× 100,000 person-days) of 765,100 person-days of NREGS employment in a

district-year. This is roughly 15 percent of overall average employment provision and roughly a

third of a within-district standard deviation in employment provision. This estimated increase

is present across all categories of employment, including employment for both female and dis-

advantaged minority recipients. The results show that both current year and previous year rain-
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fall shocks impact program intensity, though previous year rainfall is estimated to have larger

effects than current year rainfall.9 This rationalizes the reported estimates of heterogeneity in

the violence reducing effects of NREGS adoption as a function of both current year and previous

year rainfall shocks.

6 Conclusion

Utilizing a new district-level panel dataset on Maoist conflict violence based on multiple press

sources, including those in local languages, and a difference in differences identification strat-

egy based on the phased roll-out of NREGS across districts, we have shown that the program

caused a large reduction in violence. Placebo tests show that this effect was not driven by a

pre-adoption trend. The effects of the program emerged after three quarter years of program

adoption and reduced the rate of violent incidents and total deaths by approximately 80%, an

extremely large effect.

We have also provided evidence that NREGS reduced violence through labor market impacts

that increased the opportunity costs of joining and supporting the Maoist insurgency. NREGS

adoption reduced violence against all targets, including Maoists, supporting an opportunity

cost channel over a hearts and minds channel. NREGS’s violence reducing effects were larger

when, due to exogenous within-district rainfall variation, agricultural productivity and labor

demand were low, also consistent with an opportunity cost channel. The larger violence re-

ducing effects of NREGS in districts experiencing a negative rainfall shock were connected to

greater program intensity and employment provision during these periods.

The paper contributes to the large literature on the poverty-violence relationship by directly

9This is not surprising. The monsoon rainfall, which occurs typically between June and September, is the pri-
mary determinant of agricultural productivity and labor demand in India. Since years in our analysis are defined
by calendar convention from January to December, agricultural productivity and labor demand during the pre-
monsoon months in a district-year as defined in our analysis are determined primarily by monsoon rainfall in the
previous calendar year.
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testing the policy implication that anti-poverty programs ought to reduce violence. In sharp

contrast to previous research, we do find that large-scale anti-poverty programs can mitigate

violent civil conflict by improving economic conditions and increasing the opportunity costs

of participation in insurgency. We have argued that this is plausibly due to the employment-

oriented design and massive scale of NREGS, which guarantees 100 days of public works em-

ployment annually to rural households and has had a large impact on rural labor markets in

India. A valuable topic for future research is how the design and scale of different development

programs shape their impacts on civil conflict.
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7 Tables and Figures

Figure 1: Maoist Conflict Violence Over Time, 1999-2009
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Notes: Incidents represents sum of recorded violent incidents, including those not resulting in deaths. Deaths

sums civilian, Maoist, and security personnel deaths. Dataset covers 144 districts in ‘red belt’ states – Andhra

Pradesh, Bihar, Chhattisgarh, Jharkhand, Orissa, and West Bengal – between 1999 and 2009.
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Figure 2: Average Annual Deaths from Maoist Conflict by District, 1999-2009

Notes: Districts shaded by decile of average annual number of total deaths resulting from Maoist conflict, 1999-

2009. Dataset covers 144 districts in ‘red belt’ states – Andhra Pradesh, Bihar, Chhattisgarh, Jharkhand, Orissa,

and West Bengal – between 1999 and 2009. Unshaded districts not in analysis.
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Figure 3: Districts by NREGS Adoption Phase

Notes: Districts shaded by NREGS adoption phase. Phase 1 districts received NREGS in 2006, phase 2 districts

in 2007, and phase 3 districts in 2008. Dataset covers ‘red belt’ states – Andhra Pradesh, Bihar, Chhattisgarh,

Jharkhand, Orissa, and West Bengal – between 1999 and 2009. Unshaded districts not in analysis.
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Figure 4: Changes in Violence Before and After NREGS Adoption by Quarter
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Notes: Unit of observation district-quarter year. Points represent coefficient on indicator of time period, rela-

tive to the adoption of NREGS at time T. Vertical bands represent 95% confidence intervals. Final time period

indicator represents the eighth quarter of program adoption onward. Poisson QML regression model controls

for district and year fixed effects, and backwardness index score variable interacted with year dummy variables.

Standard errors adjusted for clustering within districts.
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Figure 5: Violence Reducing Effects of NREGS as a Function of Rainfall Shocks
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Notes: Unit of observation district-year. Plots represent estimated percentage change in violence caused by two

or more years of NREGS adoption, as a function of rainfall. Rainfall variable is the log of annual mm, with stan-

dardized sample mean 0. In sample a within-district standard deviation in the natural log of rainfall was 0.25.

All regressions include district fixed effects (as well as year fixed effects and controls for backwardness index

score in interaction with year dummy variables). Vertical bands represent 95% confidence interval. Analysis

estimated by Poisson QML model. Standard errors adjusted for clustering within districts. See table A2 for full

regression results in table form.
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Appendix

1. Database on Maoist Conflict Violence

Sources: To construct a database on Maoist conflict violence, we utilize multiple press sources:

1) two national English dailies: The Indian Express and The Hindu; 2) two regional English lan-

guage newspapers: Times of India (Patna edition) and The Telegraph; 3) six regional language

press sources: Eenadu, Hindustan, Prabhat Khabar, Deshbandhu, Harit Pradesh, Navbhara;,

and 4) two wire services: PTI and IANS.

Coding: Over two years for each state a team of researchers examined archives of daily edi-

tions of the media sources above for mentions of Maoist conflict incidents. A copy of each story

was sent to a core team for coding to ensure consistency. For each incident the following event

details were recorded: 1) date (month and year), 2) location (district and village), 3) type of inci-

dent (bomb explosion, kidnapping, etc.), 4) civilian casualties, 5) Maoist casualties, 6) security

personnel casualties.

A frequently used phrase in reportage is ‘suspected Maoists’ and ‘Maoist sympathisers’. We

have coded these as civilians. Another issue relates to the Salwa Judum, an anti-Maoist militia

supported by the government of Chhattisgarh. Since members of this militia had the status

of Special Police Officers (SPOs) and received training and wages from the Chhattisgarh state

government we have coded them as security forces.

Comparison to SATP: Our dataset goes back farther in time, to 1999, than does the widely

used South Asia Terrorism Portal dataset on Maoist conflict violence, which begins in 2005. Be-

cause we utilize multiple press sources, including those in local languages, we also measure a

significantly higher number of casualties than does the SATP dataset, which is based upon na-

tional English-language press sources. Between 2005 and 2009, we measure 4783 total deaths,

compared to just 3509 in the SATP dataset in the six red belt states under analysis. We measure

36% more civilian deaths, 38% more security personnel deaths, and 36% more Maoist deaths.
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Table A2: The Effects of NREGS Adoption in Interaction with Rainfall Shocks

Dependent variable:

Total Incidents Total Deaths

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

NREGS −0.653∗∗∗ −0.615∗∗ −0.532 −0.388
(0.243) (0.269) (0.491) (0.518)

NREGSt−1 −0.856∗∗∗ −0.763∗∗∗ −1.457∗∗ −1.357∗∗

(0.301) (0.278) (0.646) (0.583)

Raint −0.107 −0.258
(0.157) (0.190)

Raint × NREGSt 0.360 0.485
(0.418) (0.845)

Raint × NREGSt−1 1.369∗∗∗ 1.392∗

(0.530) (0.815)

Raint−1 −0.415∗∗ −0.237
(0.209) (0.320)

Raint−1 × NREGSt 0.552∗∗ 1.155∗∗

(0.274) (0.550)

Raint−1 × NREGSt−1 1.595∗∗∗ 0.248
(0.402) (0.704)

District FE Y Y Y Y

Year FE Y Y Y Y

BI × Year Y Y Y Y

Observations 1,410 1,410 1,410 1,410
Clusters 141 141 141 141
Rainfall Interactions F-stat 36.6∗∗∗ 55.4∗∗∗ 12.9∗∗∗ 11.7∗∗∗

Notes: Unit of observation district-year, 2000-2009. Total incidents represents total incidents of Maoist vio-

lence. Total deaths represents sum of civilian, Maoist, and security force deaths. Rainfall variable is the log of

annual mm, with standardized sample mean 0. In sample a within-district standard deviation in the natural

log of rainfall was 0.25. See Figure 5 in text for plots of long-run effects of NREGS adoption as a function of

same year and previous year rainfall shocks. Analysis estimated by Poisson QML model. Standard errors in

parentheses adjusted for clustering within districts. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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