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Abstract

Can representative institutions improve environmental conservation? We study the impact
of a 1996 law that created local government with electoral quotas for Scheduled Tribes, a his-
torically marginalized and impoverished community of 100 million in India. Using difference-
in-differences designs paired with remote sensing data on deforestation, we find that formal
representation reduces the rate of deforestation by thirty percent. These effects are larger in
villages close to mines, where representation likely lowered commercial extraction. Combining
these findings with research that the same institutions improved economic outcomes, our results
challenge the commonly held assumption that there must be a trade-off between development
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1 Introduction

The Earth’s future climate likely depends, to a large extent, on our ability to preserve forest ecosystems.

Deforestation both exacerbates climate change and decreases biodiversity (Bonan 2008) – accounting

for 12-20% of annual greenhouse gas emissions, and eclipses all transportation related emissions

(Solomon et al. 2007). Forest areas often lie on the fringe of state influence and require balancing of

immediate concerns over economic livelihoods of marginalized populations living in those areas with

the pressing need to guarantee renewable resources for future generations.

Designing policies that are sensitive to these dual considerations is particularly pressing in de-

veloping countries – in just India, Indonesia, Nepal, the Philippines, Sri Lanka, and Thailand about

447 million poor and marginalized individuals depend on forests (Lynch and Talbott 1995). In addi-

tion, while indigenous populations only comprise five percent of the global population, they manage

a quarter of Earth’s land surface and support 80 percent of its biodiversity (Garnett et al. 2018). Re-

cent research tends to examine policies that target conservation or development. For instance, work

on conservation has tested the efficacy of various environmental monitoring regimes that prevent

over exploitation (Anderson et al. 2019; Buntaine and Daniels 2020; Golden et al. 2020; Christinsen,

Hartman, and Samii 2020), institutions that assign property rights (Buntaine, Hamilton, and Millones

2015; Baragwanath and Bayi 2020) and also those that give subsidies to prevent over-logging (Samii

et al. 2014; Jayachandran et al. 2017).

We examine another type of institution, one explicitly designed to take an umbrella approach to

the dual policy problems of improving development outcomes for marginalized and poor communities

living in proximity to natural resources, and conserving those very resources. We study increasing

political representation via formal elected bodies, under whose aegis lies both the protection and use

of forest resources as well as the implementation of large-scale government programs.

Theoretically, it is unclear whether increasing representation for marginalized local communities

will increase extraction or conservation of environmental resources. Examined classically, control

by local communities could increase overuse by enabling local actors to displace central leadership,

thereby exacerbating the tragedy of the commons (Lloyd 1833). More recent work suggests that

1



environmental governance can actually be quite effective with local control (Ostrom 1990), though

evidence from a variety of contexts has been mixed. We suggest a key reason for this mixed evidence

in the literature: control of resources is often not accompanied by an effective transfer of formal

political power to local communities. We argue that increased political representation for marginalized

communities, who see preservation as congruent with their own long term well-being, will increase

conservation. We model these ideas and derive observable implications for empirical testing.

We examine the case of India, a critical context to study the effects of political representation on

deforestation. Of India’s total population, 66% live in rural areas, 275 million depend on the use of

forest resources (Choudhury 2019), and 100 million are associated with the Scheduled Tribe (ST)

identity category, a category grouping those commonly understood to be the country’s most economi-

cally vulnerable and politically excluded, who are concentrated in heavily forested and geographically

frontier areas. ST may be compared to the many indigenous communities around the world who rely

on forest produce to meet their caloric intake, sell minor forest produce to earn a livelihood, and

practice sustainable agriculture (Kashwan 2017a; Zimmerman et al. 2001).

Shortly after Independence, The Parliament of India declared certain regions in the country as

Scheduled Areas, a territorial category linked to the protection of a historically disadvantaged cat-

egory of minority groups – the Scheduled Tribes. From 2000, under the Panchayat Extension to

Scheduled Areas (PESA) Act of 1996, India’s national parliament extended local government coun-

cils to Scheduled Areas and implemented an electoral quota that required all chairperson positions in

three tiers of local government councils, as well as at least half the seats on each of those councils,

be reserved for ST individuals. In other, non-Scheduled, areas of India, local government had already

recently been implemented under the Constitution (73rd Amendment) Act of 1992 (known widely as

the Panchayati Raj Act) but without the same political reservations for Scheduled Tribes. We study

the impact of increased political representation for Scheduled Tribes on deforestation.

Estimating the causal effects of political institutions on forest preservation efforts is difficult for

several reasons. First, because political institutions are usually either implemented simultaneously

over large administrative units (e.g. an entire country). Second, reforms may be selectively im-
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plemented, but done so for areas that are unrepresentative, or simply trending differently to, other

parts of the country. Both of these create problems for the construction of a suitable counterfactual.

The dramatic increase in representation for ST in already established Scheduled Areas, under PESA,

presents a unique opportunity to study the impact of representation on deforestation. We leverage the

state-level staggered adoption of elected, local government councils, as well as within-state variation

in PESA areas, for two distinct difference-in-differences designs. This enables us to isolate the causal

effect of the PESA local election with quotas on deforestation.

In addition to the causal identification challenge, measuring systematic, local changes in defor-

estation over large areas and over long periods of time, has until recently been impossible for social

scientists. While early work, such as sections of seminal books by Ostrom (1990) and Ellickson (1991),

made use of detailed case-studies and fieldwork in small communities, political scientists have seldom

used novel remote-sensing micro data that have only recently become available from satellites such as

LANDSAT, Sentinel, and DMSP. We introduce the use of one such dataset and invite political scientists

to make more use of large scale, high throughput datasets produced by environmental scientists and

geographers. These data enable us to trace local changes in deforestation rates over the long run, from

2001 to 2017, at the arc second(30m × 30m) grid cell level, which is the finest resolution available

for civilian scientific use.

Our main finding is that broadening formal representation for Scheduled Tribes led to a thirty per-

cent reduction in deforested area, a statistically and substantively meaningful decrease. Importantly,

the effects are larger for areas that had more forest cover at the start of the study period. We show

that our observed effects arise only after the introduction of PESA elections that mandate quotas for

ST, suggesting the importance of electoral politics in changing deforestation outcomes.

Next, we empirically examine a potential mechanism for the effect of representation on defor-

estation – the relationship between mining and forest conservation. Industrialization in India, and

mining in particular, have long been considered causes of environmental degradation, and a major

impediment to conservation (Roy 2011; Saha et al. 2011; Areendran et al. 2013; Downing 2002). A

motivating factor for the Indian state’s legislative efforts to protect forest resources was to support
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local communities against large and well-financed mining interests. First, we find that areas that are

close to mines at the beginning of our sample window, prior to the implementation of PESA, were

deforested at higher rates. Second, the introduction of PESA elections leads to a greater reduction in

deforestation for PESA villages close to any mines, and is even higher for villages near multiple mines.

We interpret these results as showing how increased representation may empower ST to limit mining

in their areas, which is consistent with qualitative accounts of mining in India.

Finally, we unpack representation into its constituent parts - the presence of local government and

mandated representation for ST. To do so, we examine the case of Jharkhand, which held its first local

elections for both Scheduled and non-Scheduled Areas in 2010, unlike the rest of India. As a result, the

only difference between Scheduled and non-Scheduled Areas in Jharkhand after 2010 is the presence

of the ST quota. We find particularly strong evidence for the effects of mandated representation on

deforestation in Jharkhand.

Having found a clear relationship between local representation and conservation, we return to

the question of whether increased conservation comes only with corresponding economic costs for

historically marginalized communities. We combine this paper’s findings with our other research,

that examines the same policies, but focuses instead on economic outcomes. Contrary to concerns

that environmental protection must come at the cost of local development, we find that the improve-

ment in representation for Scheduled Tribes, in the same context, led to (1) large increases in the

economic welfare for ST as measured by the performance of the world’s largest workfare program,

(2) improvement in local road connectivity, and (3) general improvements in the provision of public

goods.

This paper makes theoretical, empirical and policy contributions. Theoretically, we clarify compet-

ing predictions and results from a large literature that examines the efficacy of local political control

on conservation. Our results highlight how one reason for mixed evidence on how local control affects

natural resources use, may be because decentralization is frequently not accompanied by institutions

that truly create space for marginalized voices.

Empirically, we pair new remote-sensing, high-resolution data on deforestation with a longitu-
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dinal, quasi-experimental research design. This constitutes a major advance over related previous

work in political science and environmental science: much of this literature has relied on either cross-

sectional, or before-after comparisons, as ways of identifying the effects of policies on environmental

outcomes, both of which struggle to credibly identify causal effects. By leveraging a unique policy and

its roll out, we provide credible evidence of how improved political representation for marginalized

communities reduced natural resource extraction. In doing so, we contribute to a small but emerging

literature that pairs environmental data sets with modern research designs to study the effects of pub-

lic policy on environmental outcomes (Ferraro and Simorangkir 2020; Baragwanath and Bayi 2020;

Sanford 2021).

From a policy perspective, the paper presents evidence that conservation and the social protection

of marginalized populations need not be substitutes. Our evidence from rural India suggests that

the two policy objectives may indeed be complementary. In this sense we advocate greater attention

be paid to umbrella political institutions that includes in their design concerns of both development

and conservation. Such institutions are distinct from others that focus exclusively on conservation or

development, both of which are frequently studied in isolation.

2 Political Representation and Resource Preservation

In this section we introduce a simple theoretical framework on how various institutional arrangements

may affect the extraction of natural resources in our context. We review competing accounts, and

mixed evidence, of how institutions exacerbate or attenuate environmental conservation. We suggest

a new reason to explain why local institutions have often failed to improve resource conservation –

the absence of effective political representation. We return to our theoretical framework to formalize

our prediction and conclude with observable implications.
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2.1 The Tragedy of the Commons

Common-pool resources have long suffered the ‘tragedy of the commons,’ where individual decisions to

extract result in aggregate overuse and resource depletion (Lloyd 1833). Centralized control over the

utilization of a resource, as opposed tomore local management by communities closest to the resource,

is classically seen as a solution to this problem because local decision-makers fail to accurately account

for their own overuse, leading to negative externalities and aggregate overuse.

To illustrate this logic formally, consider 𝑛 villages with a common forest, and let 𝑋 = ∑𝑁
𝑖=1 𝑥𝑖

be the total number of trees felled by all villages.1 The value of each tree is 𝑝. The cost of logging is

𝑐(𝑋) (where 𝑋 is the aggregate level of logging, which is how we embed externalities in this setup

– increased logging by 𝑖 increases costs for everyone), where 𝑐′(𝑋) > 0 and 𝑐″(𝑋) > 0, 𝑐(0) = 0.
So, the cost of logging is increasing in total trees felled, at an increasing rate. Importantly, this cost

is common across villages and therefore over-utilization by one village increases costs for all villages,

capturing externalities and spillovers related from individual decisions. The payoff to village 𝑖 is

𝑣(𝑥𝑖) = [𝑝 − 𝑐(𝑋)]𝑥𝑖 = (𝑝 − 𝑐 (
𝑛

∑
𝑗=1

𝑥𝑗)) 𝑥𝑖 (2.1)

The total payoff for all villages from logging 𝑋 trees is 𝑊(𝑋) = [𝑝 − 𝑐(𝑋)]𝑋. So, the socially

optimal number of trees to fell is defined as the first order condition (FOC) with respect to the total

number of trees felled 𝑋 summing 2.1 across villages, which is

0 = 𝑝⏟
MSB

− [𝑐′(𝑋𝑓𝑏)𝑋𝑓𝑏 + 𝑐(𝑋𝑓𝑏)]⏟⏟⏟⏟⏟⏟⏟⏟⏟
MSC

(2.2)

This equates the marginal social benefit (MSB) of logging an additional tree 𝑝 with the marginal

social cost (MSC). However, now consider the solution to an individual village’s decision problem, 2.1,

1We assume resource utilization decisions are made unilaterally within each village by village

elites with no citizen input.
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which is characterized by the FOC

0 = 𝑝⏟
MPB

− [𝑐′(𝑋)𝑥∗
𝑖 + 𝑐(𝑋)]⏟⏟⏟⏟⏟⏟⏟
MPC

(2.3)

which equates marginal private benefit (MPB) to marginal private cost (MPC). All villages choose

optimally, which is the unique Nash equilibrium of the game. Summing this first-order condition over

villages 𝑖 and dividing by 𝑛 gives us an equation in the total equilibrium logging 𝑋∗ when each village

is logging independently,

0 = 𝑝 − [ 1
𝑛𝑐′(𝑋∗)𝑋∗ + 𝑐(𝑋∗)] (2.4)

Equilibrium utilization under the social optimum and independent decision-making are implicitly

defined in 2.2 and 2.4. While deriving an explicit expression requires fully specifying the cost function

𝑐(⋅), we can state the result that 𝑋∗ > 𝑋𝑓𝑏 without any functional form assumptions. In particular,

the coefficient 1/𝑛 on 𝑐′(𝑋∗)𝑋∗ implies that 𝑋∗ > 𝑋𝑓𝑏.

Proposition 2.1 (𝑋∗ > 𝑋𝑓𝑏). Independent decision-making results in more logging than the socially

optimal level. Proof in appendix A.1.

In summary, equating marginal private benefit to marginal private cost (under the independent

decision-making regime), results in overutilization and does not generate socially optimal outcomes

that are externalities. This is the classic tragedy of the commons result.

2.2 How Local Control May Improve Conservation

While some recent research has found evidence for the tragedy of the commons (Lopez 1998), in

general, it remains unclear if centralized strategies for resource conservation are effective at curbing

resources overuse. Evidence from 137 countries suggests that countries with less democratic institu-

tions are more likely to restrict access to forests (Kashwan 2017b), perhaps so that kickbacks may be

obtained through access licenses.

Elinor Ostrom proposed an alternative, where central control was problematic because “the op-
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timal equilibrium achieved by following the advice to centralized control... is based on assumptions

concerning the accuracy of information, monitoring capabilities, sanctioning reliability, and zero costs

of administration” by the central authority (Ostrom 1990, p. 10). Instead, Ostrom argued that envi-

ronmental resources could be effectively governed by the local communities using them, rather than

central government regulation or private companies. Consistent with this, recent research highlights

problems with centralized control even in settings where state capacity is high, as in China (Anderson

et al. 2019).

Scholars of environmental governance, such as Sethi and Somanathan (1996), Dasgupta (1995),

Agrawal and Gibson (1999), Dietz, Ostrom, and Stern (2003), and Lemos and Agrawal (2006), have

argued that local control of renewable resources can work through the internalization of social norms

towards sustainable use. Yet the evidence to date has been mixed. Examining the effects of various

institutional protections to local, indigenous communities, on deforestation outcomes, research has

found positive, negative, and null effects.2

2.3 The Role of Representation

These mixed findings may be driven by institutions that provide authority to local decision makers,

but do not make adequate arrangements to truly boost the voice of marginalized communities in

resource management. One way to dramatically increase the political voice of historically excluded

and economically vulnerable populations is through electoral quotas. Quotas – often referred to as

reservations in the Indian context – are present across more than 100 countries around the world, but

their efficacy vis-a-vis deforestation has not been systematically examined.

2For positive results see Baragwanath and Bayi (2020), Nolte et al. (2013), Nepstad et al. (2006),

Robinson, Holland, and Naughton-Treves (2014), Bonilla-Mejı́a and Higuera-Mendieta (2019), Black-

man et al. (2017), and Agrawal, Wollenberg, and Persha (2014); for negative results see Robinson,

Holland, and Naughton-Treves (2014), BenYishay et al. (2017), and Buntaine, Hamilton, andMillones

(2015); and for null effects see Christinsen, Hartman, and Samii (2020).
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Effective political representation, from hinterland communities who sit at the frontier of human

settlement, may be particularly effective as state capacity is weak in these areas. Indeed, scholars

argue that “empowering pro-climate constituencies across countries” holds great promise in solving

problems related to climate change (Aklin and Mildenberger 2020, p. 6). Finally, a formal political

institution, such as mandated representation through quotas, is likely to address and improve along

many, if not all, dimensions that Ostrom identifies as design principles for robust common pool re-

source management (Ostrom 1990, p. 90).

To incorporate ST representation into the model we introduced in 2.1, we separate the cost func-

tion 𝑐(𝑋) into two parts: 𝑐𝐺(𝑋) is a global cost from depletion (which inherits the properties of

𝑐(⋅), and therefore is a function of aggregate utilization 𝑋). 𝑐𝐺(∑𝑖 𝑥𝑖) is global in the same sense

as before: by incorporating externalities. By contrast, 𝑐𝐿(𝑥𝑖) is now a local cost incurred from de-

forestation by leaders whose electorates have a particular aversion to resource depletion. This local

component of the cost is a substantive modeling assumption driven by the case of ST in India. It also

yields a natural assumption that 𝑐′
𝐿(⋅) > 𝑐′

𝐺(⋅), that is, local costs from deforestation grow faster than

global costs.

We incorporate improved representation in a reduced-form way by defining 𝛼 ∈ [0, 1] which

denotes the degree to which local resource utilization decisions must align with local utilization pref-

erences.3 PESA villages have a strictly positive value 𝛼 > 0. The payoff for each village is now

𝑣(𝑥𝑖) = [𝑝 − (1 − 𝛼)𝑐𝐺(𝑥) − 𝛼𝑐𝐿(𝑥)] 𝑥𝑖 (2.5)

This nests the fully independent decision-making setup we discussed in 2.1 as a special case where

𝛼 = 0. The above objective function yields the corresponding first-order condition with respect to 𝑥𝑖:

3The parsimony of our current approach, which abstracts from an explicit electoral stage, is ap-

propriate because our empirical focus is on representation of ST across space, relative to the intensive

margin through an electoral model with policy competition in local preferences over extraction.
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0 = 𝑝 − ⎡⎢
⎣

(1 − 𝛼)
Global marginal cost

⏞⏞⏞⏞⏞⏞⏞⏞⏞{𝑐′
𝐺(𝑋)𝑥𝑟𝑒𝑝

𝑖 + 𝑐𝐺(𝑋)} +𝛼
Local Marginal Cost

⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞{𝑐′
𝐿(𝑥𝑟𝑒𝑝

𝑖 )𝑥𝑟𝑒𝑝
𝑖 + 𝑐𝐿(𝑥𝑟𝑒𝑝

𝑖 )}⎤⎥
⎦

(2.6)

This FOC collapses to 2.4 when 𝛼 = 0, so that villages who do not weigh local costs at all, deforest

at the same rate as in the case of fully independent decision-making. However, for villages that do

consider local costs heavily (i.e. where 𝛼 > 0), the utilization decision yields a new optimum 𝑥𝑟𝑒𝑝
𝑖 ,

equilibrium logging under greater local representation that places a positive weight on local costs.

Proposition 2.2 (𝑋𝑟𝑒𝑝 < 𝑋∗). Independent decision-making with local representation results in less

logging than under independent decision-making alone. Proof in appendix A.2.

Without further assumptions about 𝑐𝐺 and 𝑐𝐿, we are unable to rank 𝑋𝑓𝑏 ≶ 𝑋𝑟𝑒𝑝, though

substantively, it is unlikely that even independent decision-making attains the socially optimal level

of utilization. However, for our purposes, it is sufficient that we have proved 𝑋𝑟𝑒𝑝 < 𝑋∗, which is

the key empirical prediction we take from this formal framework, to the data. That is, we expect that

effective local representation for communities who value forest resources should reduce deforestation

rates, relative to institutional arrangements that provide local control without an effective formal

representation apparatus for these communities.

3 Context: Identity, Representation, and Forests in India

In this section we describe the history of the Scheduled Tribes of India. While who is considered a

‘tribal’ is both analytically unclear and politically contested, what is agreed upon is that individuals

associated with India’s ST category have lived primarily in the country’s periphery – predominantly

forested and hilly areas – areas with less state influence, and lower economic development. We discuss

the politics of the forest, describing how the Panchayat Extension to the Scheduled Areas, a system

of local government with a political quota, meaningfully boosted ST representation, and by extension

their control of forest resources.
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3.1 Scheduled Tribes and Scheduled Areas

India’s Scheduled Tribes represent a legal category that groups individuals frequently referred to as

‘tribals,’ or adivasi. The latter is frequently translated to ‘original inhabitants.’ The ST identity cate-

gory was first codified, with corresponding separate administrative areas specified, during the British

Colonial period. Scholars have identified these ‘tribal’ groups by (a) their descent from particular

lineages (Sundar 2009), (b) pre-colonial systems of administration, and/or (c) well-defined land ar-

rangements and rights (Gupta 2011). Despite regular mention of these factors, scholars agree that

there has been little clear definition or criteria as to what constitutes a ‘tribe’ (Béteille 1974; Skaria

1997; Corbridge, Jewitt, and Kumar 2004; Corbridge 2002; Galanter 1984).

Encountering what are now labeled ST communities, British administrators defined and enumer-

ated those they viewed as ‘tribal’ populations. British authorities first provided a list of ‘Aboriginal

Tribes’ and ‘Semi-Hinduised Aboriginal Tribes’ in the Census of 1872 (Corbridge 2002, p. 64) and

introduced special institutions based on this census with the Scheduled Districts Act of 1874. These

communities were not distributed randomly across the continent, but geographically concentrated in

areas distant from urban areas that were heavily forested and hilly.

Following Independence in 1947, the new Indian state identified in the Fifth Schedule of the Con-

stitution its own ‘Scheduled Areas,’ with few differences from the British Scheduled Districts Act. The

government justified Scheduled Areas specifically as a means to improve representation and welfare

for Scheduled Tribes.

Despite this, ST represent India’s most economically vulnerable ethnic identity category of indi-

viduals. ST have the highest rates of poverty and highest rates of child mortality in India (Bank 2011).

To explain these patterns, researchers point to ST relative isolation and distance from urban centers,

forced displacement, and exclusion from land and forests due to both Colonial policies and those of

the Indian state (Guha 2000; Sundar 2007; Bank 2011).

Today, Scheduled Areas exist in nine Indian states including Andhra Pradesh, Chhattisgarh, Gu-

jarat, Himachal Pradesh, Jharkhand, Maharashtra, Madhya Pradesh, Odisha, and Rajasthan. The right

panel of Figure 2 presents our coding of the geographic extent of Scheduled Areas within these states.
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These states total roughly half of India’s territory and population, and within these states, Scheduled

Areas represent 41% of the territory and 45% of the local population, which is over a hundred million.

The geographic boundaries of the Scheduled Areas have changed little over time. Per the Con-

stitution, the President of India has the right to Schedule or De-schedule Areas, in consultation with

State Governors. In 1962, the Dhebar Commission proposed that an area should be eligible to become

a Scheduled Area according to the following four criteria: (a) Preponderance of tribals in the pop-

ulation, (b) Compact and reasonable size, (c) Under-developed nature of the area, and (d) Marked

disparity in economic standards of the people (Dhebar 1962). In practice there has been no exact

formula for updating or adjusting notification of Scheduled Areas, and these Areas have remained

remarkably stable since the Dhebar Commission.4

3.2 Forests, Minerals and Rebellion

India’s forests have been plundered by the British for timber (for railroads and shipyards), cleared

for tea, coffee, indigo, and sugarcane plantations (Gadgil and Guha 1992). British policies aimed

to usurp forests from local communities for economic gain (Sundar 2007). Scheduled Tribes were

disproportionately affected by the Colonial regime’s extractive policies due to their concentration in

forested areas (Patnaik 2007). This colonial model of extraction continued after Independence, but

the Indian state shifts its justification to commercial objectives and conservation imperatives (Gadgil

and Guha 1992). Despite official recognition of Scheduled Tribes in Article 366 of the Indian Consti-

tution, ST rights worsened post-Independence as large tracts of land were declared “forest” by land

owners (zamindars), heads of princely states, and other private owners, through blanket government

notifications (Patnaik 2007, p. 5). With the claim that ST and other forest dwellers had destroyed

forest resources, and that those resources needed protection, the Wildlife Protection Act 1972 and

the Forest Conservation Act 1980, brought these areas under the purview of the Forest Department.

4Gulzar, Haas, and Pasquale (2020) Appendix A reports further details on the institutional back-

ground of Scheduled Areas as well further information on Scheduled Tribes.
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Since Independence, the state has not only restricted access to and alienated land from ST, but also

encouraged industrial operation and mining operations in ST-dominated areas.

In 2011, according to Roy (2011) “[o]ver the past five years or so, the governments of Chhattis-

garh, Jharkhand, Odisha and West Bengal have signed hundreds of [Memoranda of Understanding

(MoU)] with corporate houses, worth several billion dollars, all of them secret, for steel plants, sponge-

iron factories, power plants, aluminium refineries, dams and mines. In order for the MoUs to translate

into real money, tribal people must be moved.” Scholars have shown that mining operations have been

associated with (a) villagers who live near mines exhibiting higher respiratory illness and worse em-

ployment outcomes (Saha et al. 2011), (b) decreased vegetation, worsening vegetation composition,

increased deforestation and increased forest fragmentation (Areendran et al. 2013), and (c) mining-

induced forced displacement.5 Mining booms also have political consequences. Asher and Novosad

(Forthcoming) find both that increases in local mineral rents cause the election of criminal politicians

and that incumbent politicians commit more crimes, and engage in more corruption, if mining booms

occur during their term in office.

Rather than passively standing by, local communities in ST-dominated areas have challenged au-

thority using violent and non-violent means. Rebellions and popular movements arose not only as

isolated events during the Colonial period, or early after Indian Independence, but reoccurred with

regularity, echoing similar grievances under different governmental regimes. These so-called ‘tribal

rebellions’ on issues of land use and land alienation, focused in particular on restricting ST access to,

and use of, forest products.6 Despite meaningful overlap, ‘tribal rebellions’ involve different commu-

nities and distinct grievances. Still, what ties these rebellions and movements together is their relative

5Mining in India displaced 2.55 million individuals from 1950 to 1990 (Downing 2002, p. 3).

6These rebellions andmovements include the Chipkomovement (in what is now the state of Uttrak-

hand), where early uprisings against the British in the 1930s and 1940s were reborn with the forest

conservation movement from 1973 to 1981, which inspired future environmental movements around

the world (Guha 2000). For example, in the region of Bastar (within today’s state of Chhattisgarh),

initial rebellions in 1876 repeated in 1910 (Sundar 2007; Verghese 2016); in what is now Jhark-
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geographic proximity in and around areas dominated by ST communities and the common thread that

these communities feel both politically and economically excluded, as well as politically and econom-

ically exploited. To explore institutional change that could address that exclusion, exploitation, and

provide some voice and power to these ST communities, we turn now to a discussion of how political

representation has been expanded to ST communities.

3.3 Bolstering Representation for Scheduled Tribes

Through the Constitution (73rd Amendment) Act, 1992, the Government of India focused and stan-

dardized local governance on the three-tier Panchayat Raj system, with local councils at the district,

block, and village-cluster (gram panchayat) levels. These local governments (panchayats) in India are

responsible for welfare schemes, infrastructure, and many other regional development policies. In

addition, the 73rd amendment devolved powers pertaining to a wide array of economic development

social justice issues (including Social forestry and farm forestry; Minor forest produce, which are of

particular importance for our purposes) to the panchayats (see Singh (1994)).

Since Independence, the Indian government has instituted a variety of political quotas that reserve

positions among elected officials, within political parties, in civil service, and for higher education, for

individuals associated with specific identity groups. The Constitution of India provides multiple forms

hand, the Santhal Rebellion occurred in 1855 and the Munda rebellion in 1899. More recently, Kond

communities organized protests in Kashipur block and Gandhamardan Hills regions (today part of

Odisha), against the corporation Vedanta and their aluminum (bauxite) mines (Padel and Das 2010).

In Naxalbari, in what is now the state of West Bengal, and in neighboring areas, the Naxalite move-

ment, a Communist-inspired rebellion, took hold in 1967. More recently this Naxalite (or Maoist)

movement was reborn, bringing together, and inspired directly or indirectly by previous tribal rebel-

lions in Chhattisgarh, Jharkhand and Odisha, Telangana and West Bengal in Eastern India. In 2009,

Prime Minister Manmohan Singh described the Naxalite/Maoist-conflict as India’s greatest internal

security threat.
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of guaranteed representation for individuals from the categories of Scheduled Tribes, Scheduled Castes

(SC), Other Backward Classes (OBC), as well as for women.7 Quotas set aside politicians within the

national parliament (Lok Sabha), state legislatures (Vidhan Sabha), and from 1993 in the Panchayat

Raj institutions at the village-cluster (Gram Panchayat), block, and district levels. The effects of these

quotas at the local government level for women, for example, have been used extensively to study

the effects of descriptive representation on policy outcomes (Chattopadhyay and Duflo 2004), and

subsequent political outcomes (Bhavnani 2009).

Critically, the 73rd Amendment, as well as the corresponding quotas, were not implemented

Scheduled Areas when they were rolled out across the country in 1993. To address this gap, The

Provisions of the Panchayats (Extension to Scheduled Areas) Act, 1996 (hence, PESA) extended local

government institutions and a political quota system specifically for the Scheduled Tribes using the

pre-existing Scheduled Areas as the key reference. These quotas dramatically boosted ST political

representation: unlike non-Scheduled Areas where political quotas only applied to a fraction of areas

on a rotating basis, PESA mandated that all chairperson positions at the three levels of local govern-

ment, and at least 50% of all seats on these councils, be reserved for ST individuals on a permanent,

non-rotating basis. Hence, when local elections were next held – as early as 2000 for Rajasthan and as

late as 2010 for Jharkhand (due to a legal fight which rose to the Supreme Court) – these reforms gave

ST a tremendous positive shock to their local political representation. Additionally, PESA aimed to

‘decentralise existing approaches to forest governance by bringing the Gram Sabha (village council)

center stage and recognised the traditional rights of tribals over “community resources” - meaning

land, water, and forests’ (Patnaik 2007, p 5).

Nine states with Scheduled Areas enacted corresponding laws within one year of PESA coming

into force (Bijoy 2012). The variation in timing of PESA implementation arises from the fact that

Panchayat councils serve a five year term, and different states held local council elections for the first

7In contrast, the Constitution is notably silent in increasing representation for religious minorities

in India.
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time in different years following the initial implementation of the 73rd amendment.8

Roughly concurrent with the rolling implementation of PESA, The Scheduled Tribes and Other

Traditional Forest Dwellers (Recognition of Forest Rights) Act was passed in 2006 and implemented

on January 1, 2008. This Act aimed to provide rights to forest inhabitants, and Scheduled Tribes in

particular, including ownership rights, rights of use, rights to relief in cases of eviction or displace-

ment and rights to protect forests and wildlife. In practice, however, the eventual legislation lacked

the teeth to protect the interests of ST and other marginalized communities by means of legal chal-

lenges. Kashwan (2017a) discusses in detail the history of FRA’s adoption, and writes that: “In the

end, the FRA and its accompanying rules turned out to be a hodgepodge of conflicting interests and

perspectives.” While the focus of this paper is on PESA and its impact on Scheduled Areas, we will

analyze if the adoption of FRA deferentially explains our results.

4 Data

4.1 Deforestation Data

We use highly spatially disaggregated remote sensing deforestation data that allows us to cover the

universe of villages in 9 states. This data comes from the Global Forest Cover (GFC) dataset produced

by Hansen et al. (2013), who use LANDSAT images to compute forest cover change for every 30×30m

pixel (roughly 1/25th of a Manhattan block) on the planet. The Global forest cover dataset reports

two key measures: the ex-ante tree canopy as share of the cell (which we use as a measure for ex-ante

8Some villages in Maharashtra, West Bengal, and Rajasthan had village elections going back to

the 1960s. Following the 73rd amendment in 1992, Madhya Pradesh was the first state to hold local

elections, in 1994, and has held them every five years since (Commonwealth Human Rights Initiative

2006); including elections in Scheduled Areas in 2004. Similarly, Odisha held its first panchayat

elections in 1997, and held them in Scheduled Areas in 2002. Through legal complications, the first

election in PESA areas were delayed to after 2000 in most states.
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forest cover as shown in the left panel of Figure 2), and the year in which any given cell was deforested

(defined as a stand-replacement disturbance, that is, a disturbance that eliminates all trees in the

pixel) between 2001 and 2019.9 An example of the data for our study region is reported in Figure 1,

which reports forest loss and gain cells in southern Jharkhand over the study period.

Figure 1: Pixel-level Forest Loss and Gain across southern Jharkhand

Notes: Forest loss (shaded red-to-yellow to indicate whether the cell was deforested in the past or
recently) and gain (green) over the entire sample period (2001-2017) in southern Jharkhand, India.

4.2 Administrative and Political Data

We use the Infomap (2001) geocoded village-level Indian census to get boundaries of roughly 286,000

villages across the nine states where we conduct our analysis. For each village, we aggregate the

pixel-level deforestation data described above to the village level. To do this, we first compute zonal

statistics for each village, which entails merging the pixel level raster dataset with the village polygons

and counting the number of cells corresponding with each deforestation year in each village. We then

convert the number of deforested cells per year into hectares–a commonly used unit when discussing

9GFC also reports forest-gain per cell but these are a very small share of the region under consid-

eration, as illustrated in Figure 1.
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medium-scale areas–bymultiplying the number of deforested cells in each year by 0.09, since a hectare
is 10, 000𝑚2 and the area of a LANDSAT cell is 30×30 = 900𝑚2. This gives us the dependent variable

in terms of deforested area in hectares in each year for each village.

4.3 Measuring Scheduled Areas

The construction of our treatment variable relies on manual coding of whether a village belongs to

Scheduled Areas or not. To do this, we use information on the Government of India’s Ministry of Tribal

Affairs website. Each state releases official documents that list specific village names as Scheduled,

or in cases where all villages within a block or district are Scheduled, the names of those blocks and

districts are released.

To remain consistent in our coding strategy across states and avoid human error, we code an

entire block as Scheduled if any village was designated as Scheduled within the block. Empirically,

this approach is conservative because, while it accurately codes Scheduled Areas when all villages in

a district and block are inside the treatment area, it codes some untreated villages within a block as

treated – that is, the resulting bias will towards zero. This coding is illustrated spatially in Figure

2 and a validation exercise that compares this coding with government issued maps is presented in

[citation omitted], Appendix B.

Once each village is coded as Scheduled or not according to the above procedure, we construct

a switching indicator for Scheduled Areas in each state based on archival research of the first gram-

panchayat election in Scheduled Areas in accordance with PESA, where quotas were instituted for

Scheduled Tribes. We illustrate this timing in Figure 3. This restricts us to estimating treatment

effects for 4 of the 9 treatment states because the remaining five implemented PESA before the first

year in which forest data is available, which gives us no over-time variation in their treatment status.

We merge this village level treatment timing data with the deforestation panel to finally arrive

at our analysis sample, which is a balanced panel of about 286,000 villages over 17 years. Not all

of these villages have any forest cover to begin with. We subset our main analysis to villages with

an ex-ante forest cover index of 2 or more out of a possible 100 in 2000 as per the GFC data in our
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Figure 2: Forest loss in the study period (left) and Scheduled Areas (right) in India

Notes: Left panel from Hansen et al. (2013) where brighter shades correspond with more recent
deforestation; Right panel reflects Scheduled Areas under the Fifth Schedule of the Indian Constitution
and neighbouring regions.

preferred specification. This is approximately the 75𝑡ℎ percentile in the distribution of ex-ante forest

cover, which we label as ‘forested’ in our analysis.10 We analyse the sensitivity of our estimates to this

cutoff.

5 Empirical Strategy

Our objective is to study how improved political representation for ST affects deforestation outcomes.

We employ a difference-in-differences design to study the effect of the roll out of PESA on deforesta-

tion, where the first difference is between Scheduled Areas and non-Scheduled Areas, and the second

is the onset of the first post-PESA election in Scheduled Areas. In Scheduled Areas, political repre-

sentation for ST is stronger through both the introduction of panchayat elections (after PESA) and a

10While this may seem like an extreme cutoff, this is motivated by the fact that over 50% of the

villages in our sample have an average forest index of 0.07 out of 100.
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Figure 3: PESA implementation timing for 9 states

Jharkhand

Maharashtra

Chhattisgarh

Odisha

Rajasthan

Madhya Pradesh

Himachal Pradesh

Gujarat

Andhra Pradesh

2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Year

St
at

e

Pre PESA election Post PESA election

Notes: PESA was implemented only in scheduled areas within each of these states. So, while one of
the specifications uses the staggered rollout of the PESA programme, our preferred specification only
uses within-state variation in PESA treatment status to estimate the treatment effect

substantial and persistent ST quota in the entire geographic area. Non-Scheduled Areas have had local

government since the introduction of the 73rd amendment.11 In addition, some villages in these areas

are reserved for candidates who identify as ST, SC, OBC, and/or as women based on the proportion

of the group’s population in the local area, a reservation that rotates over election cycles. Critically,

the rotating quotas, only reserve a given area until the next five-year election, unlike in Scheduled

Areas, where the quota remains in perpetuity.12 Therefore, what we estimate using a difference-in-

differences design can be interpreted as the differential effect of increased representation for ST.

Since we have a panel dataset of each village with time-varying binary treatment, we begin the

11Except for the state of Jharkhand that we discuss in Section 7.2.

12Dunning and Nilekani (2013) argue that the rotating nature of the quota is an important imped-

iment towards its efficacy. For more details on the rotating quota system in non-Scheduled Areas see

Chattopadhyay and Duflo (2004), Bhavnani (2009), and Jensenius (2017).
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analysis with a two-way fixed-effects estimator:

𝑌𝑖𝑠𝑡 = 𝜏Scheduled Area𝑖𝑠 × PESA Election Year𝑖𝑠𝑡 + 𝛿𝑖 + 𝛾𝑡 + 𝜖𝑖𝑠𝑡 (5.1)

where 𝑖 indexes villages, 𝑠 indexes state, and 𝑡 indexes years. 𝑌𝑖𝑠𝑡 is the total area (in Hectares)

deforested in village 𝑖 in year 𝑡 , Scheduled Area × PESA Election Year𝑖𝑡 is a dummy that for villages in

scheduled areas in the year the first election where PESA was implemented, 𝛿𝑖 is a village fixed effect,

and 𝛾𝑡 is a year fixed-effect.13 𝜏 corresponds with the effect of the introduction of PESA elections in

Scheduled Areas. This estimator includes village and year fixed effects which account for village-level

unobserved characteristics that can directly affect deforestation rates, as well as common shocks (such

as a national policy, such as the Forest Rights act, or a national decline in economic activity following

the recession) that might affect deforestation rates. We cluster standard errors by village in the main

tables and examine robustness to more aggregated clustering, with the latter intended to account for

potential spatial spillovers and to be consistent with the assignment unit.

The difference-in-differences design relies on the assumption of parallel trends, which in this con-

text means that villages that fall in Scheduled Areas were on the same deforestation trajectories from

those that were not in Scheduled Areas before the introduction of local elections under PESA. One

might reasonably worry that this assumption might not be valid, and that simple village fixed effect,

tantamount to having a single village-level intercept, may not capture potential time-varying con-

founding. To account for this, we also introduce village level linear time trends. These trends remove

variation from the outcome by village that may potentially mis-attribute treatment effects to the policy

if take-up was indeed non-random and related to the underlying village time trend of deforestation.

13Note that village fixed effects account for all time invariant village characteristics, such as ge-

ographical variables, or slow-moving socio-demographic ones such as ethnic composition. It also

means that the base term for Scheduled Areas cannot be included in the regression because of perfect

collinearity.
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Specifically, we estimate specifications of the following form:

𝑌𝑖𝑠𝑡 = 𝜏Scheduled Area × PESA Election Year𝑖𝑠𝑡 + 𝛿𝑖 + 𝛾𝑡 + 𝛿𝑖𝑡 + 𝜖𝑖𝑠𝑡 (5.2)

where we have added additional 𝛿𝑖𝑡 village-specific linear time trends. In this specification, 𝜏 is

identified off within-village variation, conditional on common year level unobservables and village-

level time trends for the entire sample. These village-specific time trends address confounding that

might arise from secular changes in deforestation rates within any given village; say, if a village has

been steadily deforesting over time.

One might reasonably worry that different state-level policies adopted at particular times may

constitute a plausible time-varying confounder, which renders the estimate from the common year-

fixed-effects specification biased. In particular, the Forest Rights Act (passed in 2006, implemented

in 2008), which delegated various forest-related rights to the village panchayats regardless of their

PESA status was implemented unevenly across different states, and therefore a common year-fixed-

effect might not account for this confounding. More concretely, since PESA was implemented more

strongly in Odisha relative to all other states (Patnaik 2007), a common intercept for 2008 might not

account for this appropriately. We therefore introduce, state × year Fixed-effects, which account for

time-varying state-level confounders, such as the FRA. To do so, we run the following regression:

𝑌𝑖𝑠𝑡 = 𝜏Scheduled Area × PESA Election Year𝑖𝑠𝑡 + 𝛿𝑖 + 𝛾𝑡 + 𝜉𝑠𝑡 + 𝜖𝑖𝑠𝑡 (5.3)

where 𝜉𝑠𝑡 is a vector of state-year fixed effects. These fixed effects accounts for confounders that

vary by state for each year and isolate the effect of PESA by comparing scheduled areas and non-

scheduled areas within each state, holding state policy constant for each year. In other words, this

analysis pools across differences-in-differences estimates (wherein the treatment and control units

are within each state), and does not rely on the staggered adoption of the policy for causal identifi-

cation. This specification yields estimates of the average treatment effect on the treated (ATT) even

when treatment effects are heterogeneous, which the standard two-way FE model does not (Imai and
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Kim 2019). The state-year FEs restrict identifying-variation to within-state difference-in-differences

for four states (Chhatisgarh, Jharkhand, Odisha, and Maharashtra) that have variation in PESA im-

plementation in our sample. Finally, we add back village time trends to address secular trends in

deforestation at the village level. This is, to our mind, the most credible comparison wherein parallel

trends are likely to hold.

𝑌𝑖𝑠𝑡 = 𝜏Scheduled Area × PESA Election Year𝑖𝑠𝑡 + 𝛿𝑖 + 𝛾𝑡 + 𝜉𝑠𝑡 + 𝛿𝑖𝑡 + 𝜖𝑖𝑠𝑡 (5.4)

6 Results

6.1 Visualizing the data

As a first cut of our empirical approach, we visualize average (residualized) deforestation rates in

Scheduled and non-Scheduled Areas for each year before and after PESA implementation (constructed

relative to the year of implementation in each state) in Figure 4. We see that the rate of deforestation

flattens substantially in scheduled areas following the implementation of the act.

6.2 Main Effects

Our main regression findings are reported in Table 1 below. Column 1 reports estimates of 𝜏 from 5.1,

column 2 reports the estimates from 5.2, column 3 reports estimates from 5.3, and column 4 reports

results from 5.4. As discussed above, for our primary analysis, we subset to villages with reasonable

amounts (mean index of over 2%) of ex-ante forest cover, since including villages with effectively no

forest cover mechanically biases estimates towards zero (since villages with no forest cover cannot

have decreases in the rate of forestation), particularly because these are typically densely populated

villages in ‘control’ (non-scheduled) areas.

We find that the estimated treatment effects are consistently large and negative. In our preferred

specification with state-year fixed effects and village trends (column 4) the implied reduction in the

rate of deforestation is approximately 0.06 hectares per village per year, approximately 31% on the

23



Figure 4: Average Deforestation in Scheduled and Control Areas before and after the Implemen-
tation of the Panchayat Extension to Scheduled Areas Act
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Notes: The outcome has been residualized for group averages over the whole panel. Each dot is the
average (residualized) deforestation for the treatment and control groups respectively in event time
(i.e. years before the implementation of PESA in a particular state).

Table 1: Main Effects (Difference in Differences)

Annual Deforestation in Hectares

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

Scheduled X PESA −0.088∗∗∗ −0.032∗∗∗ −0.016∗∗ −0.067∗∗∗

(0.008) (0.010) (0.007) (0.012)
Village FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Village TT ✓ ✓
State X Year FE ✓ ✓
Dep. Var. Mean 0.22 0.22 0.19 0.19
N. Villages 52776 52776 31601 31601
N 897,192 897,192 537,217 537,217

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by village)
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overall mean of 0.19.14 The implied back-of-the-envelope effect is on the order of 1440 hectares per

year (see Appendix B for details.) The difference in the estimated treatment effect between the two-

way fixed-effect estimate (column 1), the specification that includes additional time-trends (column

2), and state-year fixed effects (column 3) suggests that there was plausibly positive selection into

treatment. The coefficients from the two specifications are in the same order of magnitude and con-

sistently have the same sign, which gives us confidence that the time trends are absorbing confounding

in terms of selection into treatment.

6.3 Robustness Checks

Results are stronger for higher ex-ante forest cover. We vary the ex-ante forest cover cutoff for en-

try into our estimation sample and estimate 5.4 on the subset sample to test for whether the coefficient

is sensitive to the choice of ex-ante forest cutoff. The results are presented in Figure 5.

Results are consistent with an alternative source of forest data. We estimate the same specifica-

tions as in Section 5 using outcome data derived from an alternate source of forest cover data: the

Vegetation Continuous Fields data (Song et al. 2018) aggregated by Asher, Lunt, et al. (2020). This

data provides annual tree cover from 2000-2014 in the form of the percentage of each pixel under

forest cover (Sexton et al. 2013). A major drawback of these data, however, is that they are derived

from a different satellite with a coarser resolution than our primary data (0.05 seconds ≈ 250×250𝑚
vs 30 × 30𝑚 cells in GFC) and therefore many villages’ indices are derived from a small handful of

measurements. Nevertheless, the results, reported in Appendix C.2, serve as a useful robustness check

and validate our main findings.

Results are consistent with more aggregated clustering. We report results from the main speci-

fications clustered at the block level (which are comprised of multiple villages and gram panchayats

14The number of observations changes between columns 1-2 and 3-4 because columns 3-4 restrict

the sample to the four treatment states because of state × year fixed effects
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Figure 5: Treatment Effects on Annual Deforestation as a Function of Ex-Ante Forest Cover Cutoffs
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Notes: The figure reports treatment effect estimates with specification 5.3., with SE estimates clustered
by village. The point in blue corresponds to the median cutoff. The ’forested’ threshold (i.e. the
threshold used to subset the data for analysis in table 1 is approximately at the 75th percentile.

that are the relevant administrative unit for local government institutions), to account for both spa-

tially correlated errors and serial autocorrelation in errors. Clustering at a large administrative unit

is somewhat comparable to (and often more conservative than) estimating Conley standard errors

with a large bandwidth. This massively increases the standard errors in specifications with many

additional parameters (such as village time trends and state-year FEs), but treatment effect in our

preferred specification remains significant at the 5% level (see Table A4).

Results for PESA are quantitatively larger than those for the Forest Rights Act. Although the FRA

was implemented uniformly among all panchayats in each state, and therefore is already controlled

for by the state-by-year fixed effects in our preferred specification, one might still be concerned that

the FRA was disproportionately effective in Scheduled Areas, and therefore, might be driving some of

the observed effect that we attribute to PESA implementation. To test for this, we implement an event-

study following the recorded implementation of FRA in 2008 with Scheduled Areas as the treatment

group, and report the results in Appendix Figure A4. We find negligible effects in the event study,
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which suggests that there was little difference in deforestation following the FRA implementation in

2008 in Scheduled vs Non-Scheduled villages. We therefore conclude that we are not erroneously

attributing the effects of the Forest Rights Act to PESA implementation, and that PESA had a clearly

large effect on reducing deforestation in scheduled villages relative to the FRA.

6.4 Event study: Impacts appear after the Introduction of PESA

To examine whether PESA is indeed the driver of effects, we report yearly treatment effects separately

for each year. Intuitively, if parallel trends hold, effects of treatment leads should be relatively in-

significant and moderate in size, while the contemporaneous and lagged effects ought to be large. To

do this, we estimate the following model:

𝑌𝑖𝑠𝑡 = 𝛿𝑖 + 𝜉𝑠𝑡 +
𝑚

∑
𝜙=−1

𝜏−𝜙𝐷𝑖,𝑡−𝜙 +
𝑞

∑
𝜙=0

𝜏+𝜙𝐷𝑖,𝑡+𝜙 + 𝜖𝑖𝑠𝑡 (6.1)

which includes leads and lags of the treatment dummy to decompose the treatment effect by

each year preceding and following the switch from pre- to post-PESA. We take the year immediately

preceding the treatment as the omitted baseline year of comparison to avoid saturating the model.

The results are reported graphically in Figure 6 for different sub-samples of the data, in increasing

order of ex-ante forest levels, with the bottom left (6th decile and up) panel corresponding with the

main analysis sample in the previous section. We observe some anticipation effects (based on the

significant negative coefficient for −2), as can be expected from a publicly announced policy, but the

bulk of effects are large and persistent following the treatment year. Finally, consistent with Figure 5,

the treatment effects are larger when we restrict the sample to higher ex-ante forest cover.

To further account for potential differences in pre-trends across the two groups, we perform a

matched difference-in-differences analysis wherein we exact-match on State and ex-ante forest cover

decile and coarse match on the outcome variable (deforestation area) for the villages in our sample,

as suggested by Imai and Kim (2019). This allows us to estimate treatment effects on the matched

sample which we report in Figure 7. This analysis restricts the sample to treatment and control villages
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Figure 6: Dynamic Treatment Effects of PESA Adoption on Annual Deforestation
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coefficient reports the difference with respect to −1. Standard errors are clustered by village.
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that are in the same state, have comparable amounts of ex-ante forest cover in 2000 (that is, they are

in the same decile for ex-ante forest cover), and have a similar rate of deforestation for 4 years prior

to PESA implementation (which mechanically rules out differential pre-trending by sub-setting to the

best match to treatment villages). We report a balance-test for pre-treatment deforestation in Figure

A1 and conclude that the matched samples are well-balanced (with the comparison in SDmotivated by

Imbens and Rubin (2015), who argue that standardised balance tests are advisable over comparisons

in raw measures).

In summary, after adjusting for pre-trends using panel-matching, we find that the treatment effect

appears in the election year, persists for a few years, and is consistently large and negative. This

provides stronger evidence to justify a causal interpretation of the observed decline in deforestation

rate following the introduction of PESA.

Figure 7: Dynamic Treatment Effects of PESA Adoption on Annual Deforestation using Matched
Villages
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Notes: This figure reports results from a matched sample. We used exact matching on state and ex-
ante forest decile and coarse matched on deforestation (outcome) on the 4 preceding periods to PESA
implementation. Matching is performed using PanelMatch. Standard errors are cluster-bootstrapped
by village.
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7 Mechanisms

7.1 Mining and Representation

One critical cause of deforestation involves the legal and illegal extraction of natural resources, whereby

politicians and bureaucrats work hand-in-hand with corporate interests (Burgess et al. 2012). While

researchers have shown state actors and corporate interests regularly appropriate land without local

government consultation, contemporary studies of rural India have similarly shown villagers - working

through their locally elected, council chairpersons, attempt to contest mining, and other large devel-

opment operations (Choudhury 2019). While the challenge for these villagers confronting corporate

interests is substantial, our research design leverages a dramatic boost to local representation, provid-

ing an avenue by which representation may disrupt the connection between government leaders and

corporate mining interests. Specifically, local representation may do so by (a) bolstering the power

of local government actors and (b) electing new local leaders to power.

As discussed in Section 3.2 above, Indian mining companies have worked with state actors to

clear forests and exploit mineral resources, often leading to the displacement of ST and other rural

inhabitants. If this mechanism is proposed operative, the PESA treatment will disrupt existing polit-

ical leader - corporate mining relations, much of it at the district or state level, empowering village

governance, and better aligning the preferences of ST villagers and their leaders with the preservation

of forest resources. There are two observable implications of this proposed mechanism we can test

directly: (1) Villages near mines should exhibit higher deforestation rates prior to PESA, and (2) PESA

villages near mines, or multiple mines, should exhibit lower rates of deforestation post-PESA.

To test this, we use data from the Indian Mining Census, compiled by Asher and Novosad (Forth-

coming). The mining census lists every known mine’s location and type (see Figure A2), which allows

us to compute the distance from every village to every mine. We then use the minimum of these

distances as a mediator for the regression, to examine if treatment effects are stronger for villages

that are located close to mining sites. We decompose the treatment effect by tercile of distance to the

closest mine in the first 4 columns in Table 2, by every 5 km bin in Figure 8, and separately for villages
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within 5 km in column 5.15

Consistent with the first observable implications described above, we find that villages within 5

km of a mine are experienced higher deforestation rates before PESA was implemented (see Panel A

of Figure 8). Consistent with the second implication, we find in both specifications, the treatment

effect is strongest for villages that are close to mines, particularly those within 5 km of a mine. In

addition to studying treatment effect by proximity to a mine (the extensive margin), we also examine

the effects of mining density (the intensive margin), which we define as the number of mines within

a 5 km radius of each village. As shown in Table 3, we find that the treatment effect size grows within

PESA villages as the number of mines increases. This points to an additional potential mechanism –

mining firms in areas with many other mines plausibly face a collective action problem in buying off

local politicians, and therefore net effects on deforestation are largest in such areas. Taken together,

these results suggest that both the increased power local government actors and new ST leaders are

able to curb mining-induced deforestation.

7.2 Unpacking Representation: The Case of Jharkhand

Improved representation in our context comprises two elements: local government and mandated

representation for ST. While we have made the case for the importance of both, the case of Jharkhand

allows some insight of the relative impact of quotas on deforestation. Due to legal battles regarding

the independence of the state of Jharkhand – before 2000, Jharkhand was a part of Bihar – Jharkhand

held its first local elections for both Scheduled and non-Scheduled Areas together in 2010. For this

reason, Jharkhand’s first post-PESA election in 2010 introduced local elections effectively to the entire

state, and ST quotas-only in Scheduled Areas.

The case of Jharkhand is therefore a good candidate to decompose the treatment effects we observe

because local government, via local elections, arrives in both Scheduled and non-Scheduled Areas at

15For completeness, we report the treatment effect decomposed by distance to every mine type with

sufficient data in Appendix Figure A3.

31



Table 2: Treatment Effects on Annual Deforestation by Distance to Nearest Mine.

Annual Deforestation in Hectares

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

Scheduled × PESA × 1st Tercile −0.093∗∗∗ −0.043∗∗∗ −0.025∗∗ −0.079∗∗∗

(0.010) (0.014) (0.010) (0.015)
Scheduled × PESA × 2nd Tercile −0.103∗∗∗ −0.034∗∗ −0.026∗∗ −0.077∗∗∗

(0.012) (0.016) (0.011) (0.016)
Scheduled × PESA × 3rd Tercile −0.052∗∗∗ −0.004 0.018 −0.031

(0.017) (0.026) (0.017) (0.025)
Scheduled × PESA −0.061∗∗∗

(0.012)
Scheduled × PESA × Mine within 5 km −0.052∗∗

(0.020)
Village FE ✓ ✓ ✓ ✓ ✓
Year FE ✓ ✓
Village TT ✓ ✓ ✓
State × Year FE ✓ ✓ ✓
Dep. Var. Mean 0.22 0.22 0.22 0.22 0.22
N. Villages 52776 52776 52776 52776 52776
N 897,192 897,192 897,192 897,192 897,192

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by village)
Terciles are defined based on the distribution of village distances to mines,
with the 1𝑠𝑡 being 1 − 33 percentile, and so on.

Table 3: Treatment Effects on Annual Deforestation by mine density within 5 km buffer

Annual Deforestation in Hectares

(1) (2)

Scheduled × PESA −0.079∗∗∗ −0.080∗∗∗

(0.008) (0.009)
Scheduled × PESA × Number of Mines within 5 km −0.034∗∗∗

(0.009)
Scheduled × PESA × 1-2 Mines within 5 km −0.037∗∗∗

(0.013)
Scheduled × PESA × 3-4 Mines within 5 km −0.141∗∗∗

(0.053)
Scheduled × PESA × 5+ Mines within 5km −0.128

(0.133)
Village FE ✓ ✓
Year FE ✓ ✓
Dep. Var. Mean 0.22 0.22
N. Villages 52776 52776
N 897,192 897,192

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by village)
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Figure 8: Deforestation and Proximity to Mining

Panel A: Pre-PESA Deforestation Rates in
Jharkhand, Chhatisgarh, and Maharashtra
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Panel B: Treatment effects on Annual Deforesta-
tion by Distance to Mines
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Notes for Panel A: We restrict to these three states because PESA was already implemented in other
5th schedule states by 2001. The figure reports non-parametric binned scatterplot as a function of
distance to mines (controlling for pre-2000 forest cover and area - which translates the coefficients
below 0 without altering their interpretation). Descriptively, it appears to be the case that the rate of
deforestation is higher in areas closer to mines.
Notes for Panel B: We report treatment effects from a binned regression that estimates the treatment
effect in villages at different values of the moderator (Distance to mines). This approach avoids strong
functional forms with-regard to the effect of the moderator, and indeed we find that the interaction
effect is nonlinear. Treatment effects are concentrated in villages within 50km from mines.
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the same time. Consequently, any treatment effects we observe in this state are more likely attributable

to mandated representation for ST via quotas instead of the existence of local government. On the

other hand, if we do not observe any treatment effects, then quotas are less likely to be the key

element of improved representation for ST. Consistent with the first story, we find strong effects of the

treatment in Jharkhand as shown in Appendix Table A6. This suggests that mandated representation

was a key element in addressing the historical absence of political voice for ST in rural India.

8 Discussion: Conservation and Development

The British Colonial government justified exclusive-use policies over India’s forest lands with the spec-

tre of rural villagers spoiling those very lands, policies reinforced in turn by the nascent Indian state.

As this narrative of extraction faded in contemporary India, a new debate arose pitting those who

favor large-scale ‘development’ against others favoring ‘environmentalism.’ However, the presenta-

tion of development and conservation as trade-offs raises a key question: to whose development and

welfare are critics and analysts referring?

Critics characterize conservation advocates as elites who are unaware of the marginalization and

impoverishment of rural communities outside of their urban circles. Guha (1992, p. 57) writes that

“... the Indian environmental debate is an argument in the cities about what is happening in the coun-

tryside.” Even prominent politicians shrug off environmentalists as aiming to only save “tigers and

trees,” without any regard to local development (Baviskar et al. 1995, p. 235). For these elites, ‘de-

velopment’ means large-scale industrial projects – corporate endeavors that clear forests and displace

local communities.

Other voices, focused on the lives and livelihoods of the most marginalized rural communities,

are focused more on distributional concerns. These are usually local interests who are closer to or

from affected communities. For instance, when one of the authors lived and completed fieldwork

at a research institute in Ranchi, Jharkhand in the Summer of 2014, local economists and activists,

separately, stressed to him a tension between the aims of local economic growth with the rights and
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interests of local, marginalized communities. If ‘development’ is understood as focused on improv-

ing the welfare of local, impoverished communities, then the Scheduled Tribes are as Baviskar et al.

(1995, p. 239) describes, “environmentalists by default” as “their present resource use can be called

sustainable... if we compare it with the vastly more destructive practices of the state and the market.”

Our evidence supports the latter view. The evidence we present on conservation here can be read

in conjunction with our other work that evaluates the impact of the same institution on development

outcomes. In an accompanying published paper, we show that increased political representation for

Scheduled Tribes also improved their economic well-being [citation omitted]. We examine impacts on

the performance of the world’s largest employment program, the National Rural Employment Guaran-

tee Scheme (NREGS), India’s flagship social protection program, which aims to guarantee a hundred

days of minimum wage labor, to every Indian citizen, each year. We show that mandated representa-

tion for ST significantly boosts how much work ST receive under this program without compromising

overall implementation of NREGS. We also document economic benefits beyond NREGS through im-

provements in local public goods and road connectivity.

Taken together, these summarized results, in conjunction with the findings of the present paper,

suggest that development and conservation need not be substitutes. To be clear, we are not offering

a full accounting of welfare for ST, the calculation of which would require more granular data and

a consistent research design. Rather, by comparing two sets of related results at once, we advocate

for scholars and policymakers to pay closer attention to what we describe as ‘umbrella institutions’:

institutions, such as political representation, which hold promise in meeting multiple objectives, such

as development and conservation, simultaneously. This contrasts with the more common approach

of focusing on the impact of institutions specifically designed to promote conservation (such as, for

instance, community driven forestry), and separately, examining how development promoting insti-

tutions affect development.
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9 Conclusion

This paper shows that local representation matters for natural resource conservation. We find that

the introduction of local government elections and quotas for Scheduled Tribes substantially reduces

the rate of deforestation across Indian villages. We probe and provide evidence for an important

mechanism that popular accounts of conflict around deforestation have referenced – mining interests.

We find that the reduction in deforestation is largest in areas closest to mines, suggesting that with

improved representation politicians are able to undermine the influence of corporate mining interests.

Examining the impact of political representation carries important implications beyond the case of

India. More than 100 countries have adopted political quotas to empower marginalized communities,

many of whom are intimately linked with forests. While scholars have examined a variety of institu-

tions that seek to tackle deforestation directly, our focus on electoral representation is an examination

of an umbrella policy, one that aims to simultaneously improve the economic welfare of marginalized

communities, but also give local populations more control, and hence reduce overuse, of their local

resources. Given the prevalence of quotas and the critical importance of resource preservation, po-

litical representation as an umbrella approach appears to be well worth further analysis and policy

consideration.
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A Proofs

This section uses notation from and provides proofs to the propositions in section 2.

A.1 Proof of proposition 2.1

Suppose by contradiction that 𝑋𝑓𝑏 > 𝑋∗. We know that 𝑋∗ > 0 because 𝑝 > 0. Then, 𝑐′(𝑋𝑓𝑏) ≥
𝑐′(𝑋∗) > 0, which follows from the assumptions on 𝑐(⋅). Then, the RHS of 2.2 is strictly greater than

the RHS of 2.4, which is impossible since they are both equal to zero. Therefore, 𝑋∗ > 𝑋𝑓𝑏

A.2 Proof of proposition 2.2

Proof: Suppose by contradiction that 𝑋𝑟𝑒𝑝 > 𝑋∗. We know that 𝑋∗ > 0 because 𝑝 > 0, then
(1 − 𝛼)𝑐′

𝐺(𝑋𝑟𝑒𝑝) + 𝛼𝑐′
𝐿(𝑋𝑟𝑒𝑝) ≥ 𝑐′

𝐺(𝑋∗) > 0, which follows from the assumption that 𝑐′
𝐿(⋅) >

𝑐′
𝐺(⋅). Then, the right hand side of 2.5 is strictly greater than 2.1, which yields a contradiction since

they are both equal to zero. Therefore, 𝑋𝑟𝑒𝑝 < 𝑋∗.

B Discussion of Treatment Effect Size

We calculate the implied back of the envelope effect in Section 6.2 by multiplying the treatment effect

-0.06 with the number of treated villages 15, 940 (of 52, 776 forested villages. Multiplying these pro-

duces −0.06 Hectares ×15, 940 = 1434.6 hectares. Very roughly assuming that there are 1000 trees

per hectare means that treatments prevented an average loss of 1.4 million trees annually compared

to control areas.
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C Additional Tables

C.1 Summary Statistics

Table A1: Summary Statistics for main analysis sample (forested; ex-ante forest cover over 2%)

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

# households 52,270 169.100 972.500 1 40 172 187,059
Population 52,270 742.700 4,159.000 10 178 772 809,378
Scheduled 52,270 0.303 0.459 0 0 1 1
2000 Forest Index (Max) 52,270 69.360 19.190 9 54 85 100
200 Forest Index (Mean) 52,270 16.470 15.630 2.000 4.452 24.360 89.100
Number of Cells 52,270 6,483.000 11,673.000 10 1,531 7,750 1,097,168
ST Share 52,270 0.508 0.413 0.000 0.005 0.945 1.000
SC Share 52,270 0.103 0.179 0.000 0.000 0.134 1.000

Table A2: Summary Statistics for entire sample

Statistic N Mean St. Dev. Min Pctl(25) Pctl(75) Max

# households 285,182 333.700 1,833.000 1 80 316 248,162
Population 285,182 1,561.000 8,455.000 10 374 1,501 977,771
Scheduled 285,182 0.187 0.390 0 0 0 1
2000 Forest Index (Max) 285,182 28.300 27.570 0 6 45 100
200 Forest Index (Mean) 285,182 3.167 9.197 0.000 0.007 0.684 89.100
Number of Cells 285,182 7,728.000 12,621.000 5 2,271 9,156.0 1,236,411
ST Share 285,182 0.282 0.364 0.000 0.000 0.549 1.000
SC Share 285,182 0.143 0.178 0 0.002 0.2 1
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C.2 Auxiliary Regression Estimates

Table A3: Analysis using alternate measure of forest cover, the Vegetation Continuous Fields (VCF)
measure. This measure is typically far more aggregated and has lower resolution. VCF merges from
Asher, Lunt, et al. (2020).

(1) (2) (3) (4) (5) (6)
Full Sample Full Sample Full Sample Forested Forested Forested

Scheduled X PESA -0.0520∗∗∗ -0.0347∗∗∗ -0.0144∗∗∗ -0.0690∗∗∗ -0.0480∗∗∗ -0.0186∗∗∗

(0.000959) (0.00158) (0.00117) (0.00122) (0.00198) (0.00150)
N X T 4457760 4457760 4457760 2674305 2674305 2674305
Villages (N) 297182 297182 297182 178285 178285 178285
Dep Var Mean 1.88 1.88 1.88 2.22 2.22 2.22
Village FE yes yes yes yes yes yes
Year FE yes yes yes yes yes yes
Village Time Trends no yes no no yes no
State-Year FE no no yes no no yes
Standard errors in parentheses
Cluster-Robust SEs by village
∗ 𝑝 < 0.10, ∗∗ 𝑝 < 0.05, ∗∗∗ 𝑝 < 0.01

Table A4: Village level regressions clustered at block level

Annual Deforestation in Hectares

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

Scheduled X PESA −0.088∗∗∗ −0.032 −0.016 −0.067∗∗

(0.020) (0.027) (0.019) (0.032)
Village FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Village TT ✓ ✓
State X Year FE ✓ ✓
Dep. Var. Mean 0.22 0.22 0.22 0.22
N. Villages 52776 52776 52776 52776
N 897,192 897,192 897,192 897,192

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by block)

Table A5 reports regression estimates from including all villages in the 9 states in our sample.

The results are difficult to interpret because they include many villages that have no forest cover to

begin with.
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Table A5: Village level regressions for full sample (including villages with no ex-ante forest cover)

Annual Deforestation in Hectares

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

Scheduled X PESA −0.013∗∗∗ −0.003 0.001 −0.010
(0.005) (0.008) (0.005) (0.009)

Village FE ✓ ✓ ✓ ✓
Year FE ✓ ✓
Village TT ✓ ✓
State X Year FE ✓ ✓
Dep. Var. Mean 0.05 0.05 0.05 0.05
N. Villages 286910 286910 286910 286910
N 4,877,470 4,877,470 4,877,470 4,877,470

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by block)

Table A6 reports regression estimates from estimating the preferred specification (equation 5.4)

separately for Jharkhand and the rest of the sample.

Table A6: Main Effects in 4 treated states separated by Jharkahnd and Chhattisgarh, Maharashtra,
and Odisha

Annual Deforestation in Hectares
Jharkhand CH/MH/OR

(1) (2)

Scheduled X PESA −0.082∗∗∗ −0.063∗∗∗

(0.013) (0.015)
Village FE ✓ ✓
Village TT ✓ ✓
State X Year FE ✓ ✓
Dep. Var. Mean 0.08 0.21
N. Villages 5015 26586
N 85,255 451,962

∗p < .1; ∗∗p < .05; ∗∗∗p < .01
Cluster-Robust Standard Errors (by village)
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D Additional Figures

D.1 Panel-match diagnostics

The outcome variable in Figure A1 is in standardised units, and therefore less likely to reject bal-

ance in large samples spuriously (Imbens and Rubin 2015). The difference between treatment and

comparison groups is consistently under 0.2SD, which is the conventional threshold. Matching and

visualisation was performed using the panelmatch package accompanying Imai and Kim (2019).

Figure A1: Balance in pre-treatment deforestation
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Notes: The panelmatch algorithm seeks to match the outcome trajectories of the treatment and control units in the pre-treatment period. The above
figure reports the standardised difference between the treatment and control outcomes in the 4 periods before treatment implementation, and in the
year of the implementation. We see that consistent with the event study plots 6, there is some trending in the 𝑡 − 2 period, but matching on the
trajectory substantially attenuates this imbalance to within 0.1 SD difference.
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D.2 Mechanisms: Mining

Here, we report the distribution of mines from the mining atlas (accompanying Asher and Novosad

(Forthcoming). We also report heterogeneous treatment effects by distance to all available mine types,

and by mining density.

Figure A2: Location of 20 most common minerals

D.2.1 Treatment Effect Heterogeneity
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Figure A3: Interaction effects by mine type
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D.3 Analysis of Forest Rights Act
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Figure A4: Event Studies by State around the implementation of the Forest Rights Act. We consistently
rule out large effects.

51



E Software and Data used

The computation in this paper was performed in R and Python using the following libraries: Wickham

(2010), Wickham et al. (2015), Gaure (2013), McKinney (2011), Jordahl (2014), Walt, Colbert, and

Varoquaux (2011), Hunter (2007), Hainmueller, Mummolo, and Xu (2019), Hlavac (2015), Cattaneo

et al. (2019), Asher, Lunt, et al. (2020), Dimiceli et al. (2015), Asher and Novosad (Forthcoming),

Hansen et al. (2013)

References

Asher, Sam, Tobias Lunt, et al. (2020). “The Socioeconomic High-resolution Rural-Urban Geographic

Dataset on India (SHRUG)”. World Bank Economic Review (Revise and Resubmit).

Asher, Sam and Paul Novosad (Forthcoming). “Rent-seeking and criminal politicians: Evidence from

mining booms”. Review of Economics and Statistics.

Cattaneo, Matias D et al. (2019). “On binscatter”. arXiv preprint arXiv:1902.09608.

Dimiceli, C et al. (2015). “MOD44B MODIS/Terra Vegetation Continuous Fields Yearly L3 Global 250

m SIN Grid V006 [Data Set]”. NASA EOSDIS Land Process.

Gaure, Simen (2013). “Lfe: Linear Group Fixed Effects”. The R Journal 5.2, pp. 104–117.

Hainmueller, Jens, Jonathan Mummolo, and Yiqing Xu (2019). “How much should we trust estimates

from multiplicative interaction models? Simple tools to improve empirical practice”. Political Anal-

ysis 27.2, pp. 163–192.

Hansen, M C et al. (Nov. 2013). “High-resolution global maps of 21st-century forest cover change”.

Science 342.6160, pp. 850–853.

Hlavac, Marek (2015). “Stargazer: Well-formatted regression and summary statistics tables”. R pack-

age version 5.1.

Hunter, John D. (2007). “Matplotlib: A 2D Graphics Environment”. Computing in science & engineering

9.3, pp. 90–95.

52



Imai, Kosuke and In Song Kim (2019). “On the use of two-way fixed effects regression models for

causal inference with panel data”. American journal of political science.

Imbens, Guido W and Donald B Rubin (2015). Causal inference in statistics, social, and biomedical

sciences. Cambridge University Press.

Jordahl, K. (2014). “GeoPandas: Python Tools for Geographic Data”.URL: https://github. com/geopandas/geopandas.

McKinney, Wes (2011). “Pandas: A Foundational Python Library for Data Analysis and Statistics”.

Python for High Performance and Scientific Computing, pp. 1–9.

Walt, Stéfan van der, S. Chris Colbert, and Gael Varoquaux (2011). “The NumPy Array: A Structure

for Efficient Numerical Computation”. Computing in Science & Engineering 13.2, pp. 22–30.

Wickham, Hadley (2010). “Ggplot2: Elegant Graphics for Data Analysis”. J Stat Softw 35.1, pp. 65–88.

Wickham, Hadley et al. (2015). “Dplyr: A Grammar of Data Manipulation”. R package version 0.4 3.

53


	Introduction
	Political Representation and Resource Preservation
	The Tragedy of the Commons
	How Local Control May Improve Conservation
	The Role of Representation

	Context: Identity, Representation, and Forests in India
	Scheduled Tribes and Scheduled Areas
	Forests, Minerals and Rebellion 
	Bolstering Representation for Scheduled Tribes

	Data
	Deforestation Data
	Administrative and Political Data
	Measuring Scheduled Areas

	Empirical Strategy
	Results
	Visualizing the data
	Main Effects
	Robustness Checks
	Event study: Impacts appear after the Introduction of PESA

	Mechanisms
	Mining and Representation
	Unpacking Representation: The Case of Jharkhand

	Discussion: Conservation and Development
	Conclusion
	 Online Appendix
	Proofs
	Proof of proposition 2.1
	Proof of proposition 2.2

	Discussion of Treatment Effect Size
	Additional Tables
	Summary Statistics
	Auxiliary Regression Estimates 

	Additional Figures
	Panel-match diagnostics 
	Mechanisms: Mining
	Treatment Effect Heterogeneity

	Analysis of Forest Rights Act

	Software and Data used


