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Abstract: Agriculture and forests are often viewed as competing land uses, and stronger land tenure is
expected to sharpen that competition by making land easier to clear and cultivate. We revisit this trade-off
using the Digital India Land Records Modernization Programme, which digitized over 380 million land
records across more than 630,000 villages while leaving property rights unchanged. Exploiting its staggered
rollout in a difference-in-differences framework, we find that agricultural and forest cover both increased,
in spatially separate areas. This pattern fits India’s dry-forest ecology, where cultivation and forest are
interspersed, unlike rainforest frontiers. Reduced transaction costs for citizens and the state appear to drive
the results. Land conflict declined, agriculture expanded where credit access had been limited, and forest
cover improved in state-protected areas. These results indicate that digital land administration can have
biophysical consequences without reallocating rights.
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1 Introduction
As societies ramp up agricultural production to meet rising demand for food and income,
forests pay the price through deforestation and land conversion (1–4). This apparent
trade-off between expanding agriculture and protecting forests is widely recognized by
scholars and policymakers (5, 6), and shapes debates over both food production (7, 8)
and conservation (9). Most prior work on this trade-off centers on tropical rainforests,
which span the Amazon Basin, Central Africa, and Southeast Asia, and store roughly
half of the world’s terrestrial carbon while covering less than one-third of global tree-
cover (7, 10, 11). These areas are also home to some of the most aggressive frontiers of
agricultural expansion (6).1

In this paper we examine if the trade-off between agriculture and forest conservation
is a general feature of policy, or of the frontier settings where they have been studied.
To do so, we study tropical dry forest regions, which represent another important, yet
relatively understudied forest type that account for roughly 40–45 percent of tropical
and subtropical forest area worldwide and store an estimated 15–20 percent of tropical
forest carbon (11, 16, 17). These areas are found across countries with prolonged droughts
like India, Mexico, Madagascar, and parts of East Africa, where rainfall is highly seasonal
(18, 19). Dry-forest areas are characterized by two sets of conditions. First, agricultural
systems in these regions are typically smallholder-dominated, rain-fed, and labor-intensive
(20). Second, agriculture and forests are relatively spatially interwoven in dry-forest areas
and not organized along an expanding frontier as in the rainforest (21, 22). Because of
these conditions, interventions that raise the value of land need not generate the zero-sum
trade-offs between agricultural productivity and forests.

We examine these potential trade-offs by evaluating a land record digitization reform
implemented across India. The Digital India Land Records Modernization Programme
(DILRMP) has digitized over 380 million land records, making it the world’s largest
experiment in land record modernization.2 The reform aimed to bring transparency,
accessibility, and administrative coherence to India’s complex system of property docu-
mentation. Succinctly, the program converted existing paper titles to digital titles, which
potentially reduced transaction costs for both citizens and administrators. For instance,
citizens no longer needed to travel long distances to carry out property transactions,
while administrators became less dependent on local intermediaries for planning and
verification.

Unclear, fragmented, and difficult-to-access land records weaken de facto property

1In Latin America, mechanized soybean cultivation and cattle ranching have advanced deep into the
Amazon (12, 13) and in Southeast Asia, oil-palm plantations have replaced extensive lowland forests (14).
Together, beef, soy, and palm oil account for over half of tropical agricultural deforestation (15). This model
of export-oriented, capital-intensive expansion delivers short-term economic returns but erodes long-term
ecological stability, pitting farms and forests directly against each other (1).

2Based on India’s Digital India Land Records Modernization Programme MIS, which reports about 380
million Records of Rights and 630,000 villages as of November 2025 (23). This scale exceeds the publicly
reported figures for Indonesia’s Pendaftaran Tanah Sistematis Lengkap (PTSL) (→ 117 million plots registered
by September 2024 (24)) and Turkey’s Tapu ve Kadastro Genel Müdürlüğü (TKGM) cadastral register (→ 59
million parcels (25)). Comparable global rankings are not available, but to the best of our knowledge no
other national land-records digitization program documents a larger record count.
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rights and reduce landholders’ incentives to invest through a number of channels. First,
when owners are uncertain about their ability to reap returns from their land, they
underinvest in long-term improvements (26–28). Insecure titles lower expected returns
of productive investments by heightening fear of expropriation or encroachment (29).
They also impede access to credit as banks rely on clear documentation to collateralize
loans (30–32). Second, unclear titles also raise the risk of dispute over land diverting
resources toward protection rather than investment. Together, these channels imply that
improvements in the clarity and accessibility of land records should raise agricultural
investment.

For state administrators, unclear or inconsistent records similarly undermine the
ability to monitor land use and protect government property. Eforcement agencies face
higher costs of detecting encroachment or illegal extraction with unclear boundaries, and
jurisdictional disputes weaken their ability to intervene effectively (33–35). Reforms that
digitize records and cadastral maps, therefore, can reduce informational frictions and
increase the state’s capacity to detect, deter, and sanction unauthorized forest clearance
(36, 37). These improvements should enhance forest protection, especially in areas where
government agencies have clear authority, such as protected areas.

We use a difference-in-differences design to study if the implication of these household
and administrative about the potential co-benefits for agriculture and forests bear out
the data. We use the staggered implementation of DILRMP to estimate the effects of
land record digitization on agriculture and forest cover in a primarily dry-forest setting,
India. Understanding the effects of such reforms is important both for their country-wide
scale and also because the impact of reforms that build government land administration
capacity have been less well-researched than reforms that provide titles to landowners
(38).

We begin our analysis by showing that, contrary to prior work on property-rights
reforms, digitization resulted in improvements in agriculture without forest cover loss. In
fact, we show that in DILRMP subdistricts both agricultural and forest cover increased,
relative to non-adopting subdistricts. We observe no differences in subdistricts before
the implementation of the program, allowing us to attribute these gains to the timing of
digitization. DILRMP therefore provides at-scale evidence that improving the legibility of
existing land records, without altering ownership, can be beneficial for both ecological
and economic outcomes.

Because prior work notes that competition between agriculture and forest can be
localized, the second part of our analysis investigates whether such trade-offs are present
despite the average positive effects. We show that improvements in both agriculture
and forests arise from different parts of India. First, we demonstrate that at baseline
agricultural and forest cover are already largely spatially separate, suggesting that different
mechanisms might be at play for the two outcomes. Second, we show responsiveness to
DILRMP also varied spatially: agriculture increased primarily in zones with low baseline
agriculture and low forest cover, while forest gains occurred where baseline forest share
was high and agricultural cover low. Taken together, this set of results suggests, unlike a
frontier dynamic between agriculture and forest, the reform allowed both agricultural and
forest systems to strengthen along different margins of the landscape.

In the final set of analyses we provide evidence on the mechanisms undergirding these
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impacts on agriculture and forests. First, we show that the program reduced the incidence
of reported land conflicts, consistent with improved dispute resolution and tenure clarity,
which we broadly interpret under the umbrella of reduced transaction costs. Second,
agricultural gains concentrated in subdistricts with weaker prior bank coverage. One
interpretation is that these are locations where prior to digitization banks rationed credit
due to the lack of information on potential borrowers. Third, turning towards forests, we
show that improvements are concentrated in protected areas, where digitization likely
enhanced boundary enforcement and reduced administrative ambiguity. Finally, since
land is a finite resource, improvements in agriculture and forest cover must come at the
cost of other land uses. We document that trade-offs arise in savannas and grasslands.
Both of these land covers are often classified as “wastelands,” an administrative category
for ecologically “degraded” or “unproductive” land that is suitable for reclamation by
the state.3 Together, these results suggest that enhanced property-records legibility can
operate through separate channels: by enabling agricultural expansion through credit
access and secure use rights, and by strengthening forest protection through clearer
jurisdictions.

India’s DILRMP breaks new ground on both scale and substance. First, on scale, few
property rights reforms have achieved such national reach, offering a rare opportunity
to examine how large-scale administrative capacity-building can shape agricultural and
environmental outcomes. Other prominent programs, while implemented nation-wide, are
substantially smaller than DILRMP, with only Indonesia’s Pendaftaran Tanah Sistematis
Lengkap closest in size as described in footnote 2.

Second, on substance, most prior research examines the important impacts of titling
and formalization reforms, both of which entail de jure changes in land rights (31, 34, 35,
38, 41–45). DILRMP is neither a titling nor a formalization program. It does not issue
new land titles, change ownership, legalize informal cultivation, or redistribute property.
Instead, DILRMP is a systemic effort to improve the capacity of land administration in
India, by digitizing textual land records, computerizing cadastral maps, linking ownership
and spatial data, and integrating them into unified, state-level platforms.

These features of DILRMP fill a crucial gap in the study of property rights reforms
building on prior work on titling and formalization programs in the literature. In a
recent review of land tenure interventions across the world, Tseng et al. (2021) highlight
a striking gap (38): among the 117 studies they analyze, of which less than half had a
research design with a counterfactual and more than one time period, only seven evaluate
capacity-building reforms usually at a much smaller scale, leaving room for at-scale
causal evidence. To our knowledge, no existing study demonstrates that capacity-building
reforms can generate joint agricultural and ecological gains, what we call the double
dividend of property rights.

3Researchers argue that the wasteland classification is a political construction rather than an environ-
mental one (39). Grasslands and savannas are ecologically distinct biomes that are important for biodiversity
and as a common pool resource to those who rely on these lands for foraging, fuel, and grazing (40).
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2 Land Administration in India
India’s land administration system imposes high transaction costs on both landholders and
the state because the responsibility for documenting property rights is split across three
partially disconnected arms: registration, revenue, and survey. Registration offices record
transactions; revenue departments maintain property ownership documents known as
Records of Rights (RoRs) and mutation entries; and survey departments manage cadastral
maps and boundary demarcations. Because of improper coordination across the three
meant that records tended to be out of date (46–48).

Various field audits outline these frictions. For instance, in tehsil-level surveys con-
ducted by the National Council of Applied Economic Research (NCAER), ownership-
record discrepancies between paper RoRs and on-ground holdings reached 34% in Shimla
Rural and 6% in Baddi (Himachal Pradesh), and 78% of parcels in Shimla Rural and 52%
in Baddi showed area variation greater than 5% between RoR and ground measurement
(49). Beyond unreliability, paper-based records are also costly to access. Landowners
often need to visit subdistrict offices in person, and are sometimes asked to make informal
payments to obtain certified documents. Taken together, these frictions raise the cost of
proving ownership creating impediments to accessing credit, government agricultural
schemes, and other programs that require documentation of rights (50).

These documentation gaps also create governance problems in forested regions where
inconsistent records blur the boundary between agricultural and legally protected land.
Cadastral maps often do not align with forest department maps or reflect decades of
settlement (51, 52), so farmers may cultivate land that official records classify as forest,
while forest departments may assert authority over land villagers consider privately held.
Land Conflict Watch records that an estimated 0.5 million people in India are affected by
conservation and forest-related land conflict over 2 million hectares (53, 54). Paper-based
systems compound the problem. State-level forest departments cannot access local records
and rely on manual inspections, local memory, or outdated maps, so gradual encroachment
and illegal extraction often go unnoticed.

2.1 DILRMP Implementation
India experimented with land administration modernization as early as the late 1980s.
The Strengthening of Revenue Administration and Updating of Land Records scheme was
launched in 1987-88 and the Computerization of Land Records scheme in 1988-89, but
both were limited in scope and uneven across states (46, 55). The two were merged into the
National Land Records Modernisation Programme in 2008 and renamed the Digital India
Land Records Modernisation Programme in 2016, when the program was folded into the
Digital India initiative and central funding was raised to 100% (46). Because land policy
is governed by India’s federal states, DILRMP is fully funded by the central government
but implemented by states, and program funds support a tehsil-level infrastructure layer.
The original guidelines budgeted approximately Rs. 1,220 crore for modern record rooms
across roughly 4,880 tehsils and Rs. 3,200 crore for cadastral survey and resurvey (56,
pp. 40-43).

DILRMP was designed to target administrative frictions directly. Rather than altering
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property rights or redistributing land, DILRMP modernizes the informational infras-
tructure of land governance through three components: (i) digitizing textual RoRs, (ii)
updating and rescanning cadastral maps, and (iii) integrating spatial and ownership
records through computerization of registration (56, 57).4 Overall, the program is built
around four design principles articulated in the original 2008 guidelines: a single window
for handling land records; a “mirror” principle in which cadastral records reflect ground
reality; a “curtain” principle in which the digital record is taken as definitive; and eventual
title insurance (56, p. 8).

DILRMP’s institutional architecture distributes responsibilities across four nested
administrative tiers: state, district, subdistrict/tehsil/block, and village. Three features of
DILRMP’s institutional design make the subdistricts a key unit for the program’s success.

First, the citizen-facing infrastructure of the reform is at the subdistrict level. The
subdistrict tier includes modern record rooms, computer centers, and the local-revenue-
office connectivity that issues certified RoRs and processes mutations (58, 59). The 2008
program guidelines designate the modern record room as the physical locus of citizen-
service delivery, envisioning a storage area for records, an operational area with computers
and printers, and a public-service area for reception at each subdistrict location (56, p. 43).

Second, the subdistrict review committee is perhaps the most operationally consequen-
tial. DILRMP’s Monitoring and Review architecture comprises four committees whose
meeting frequency intensifies at lower tiers. The state committee meets twice a year, divi-
sion every quarter, district every month, and the subdistrict committee meets fortnightly
(58, pp. 58-59). In addition, unlike the higher committees whose Forest Department coor-
dination occurs at the level of senior administrators, the subdistrict committee seats the
State Forest Department representative alongside the line revenue functionaries (Tehsildar,
Naib Tehsildar, Patwari, and Village Development Officer) who demarcate revenue-forest
boundaries in the field (58, pp. 58-59), enabling on-the-ground coordination.

Third, the subdistrict is the lowest tier at which independent state verification of the
digitized records occurs. Village-level 100% checking by the Patwari is tightly coupled
with the data-entry process itself, whereas the Tehsildar is asked to randomly check 10%
of the data at the subdistrict, which is the first check performed at arm’s length from the
data-entry process (58, p. 37).

The subdistrict, therefore, serves as the primary citizen interface for land administra-
tion under DILRMP aiming to reduce the time, uncertainty, and coordination problems
associated with obtaining certified RoRs, filing mutations, resolving disputes, and linking
maps to textual records.

2.2 Key Changes Introduced by Digitization
After digitization, records become available online or through Common Service Cen-
tres (CSCs), which are privately operated kiosks authorized to issue certified copies at

4A revenue official in Kerala explained the process for digitizing RoRs, which was the first component
of the program: “In the village offices, they took the registers and scanned them in the village office.
Then the revenue department conducted a massive data entry exercise. . .After verification, the record
was approved.” (Author’s interview with an official in the Kerala Survey and Land Records Directorate,
2025.08.18., Ernakulam district.)
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government-fixed fees.5 Citizen access was eased in terms of time and effort costs through
the standardization of fees, setting specific timelines for processing, and by the reduction
of discretionary control by bureaucrats. Under the new system, RoRs and cadastral maps
can be retrieved within a day, and in some cases within minutes, compared to multi-day
waits in subdistricts where paper records remained in use (49, 60).

On the state side, digitization improved the legibility and accessibility of land records
for government agencies, which historically faced longstanding mismatches between Rev-
enue Department records and those maintained by Forest Departments that relied on sep-
arate maps and notifications (52, 61). A Forest Department official in Kochi described the
change directly: “As we have different departments, when the Revenue Department assigns
the land [to a person], the Forest Department [records] might not get updated. . .However,
by the digitization of [land records], further changes in the forest land can be monitored
properly.”6 While digitization is unlikely to automatically resolve underlying disputes,
it lowers the costs of identifying them by consolidating textual records into centralized,
searchable databases, making inconsistencies across departments visible and easier to flag.

2.3 How DILRMP Shapes Agriculture and Forest Protection
India’s tropical dry forests differ ecologically from the tropical rain forest frontiers that
dominate the existing literature on property rights and land use. In rain forest ecologies,
cultivation and forest cover are typically arrayed along an active frontier, where agri-
cultural expansion advances into previously forested land (62, 63). Contrast this with
dry-forest settings where agriculture and forest are spatially interspersed such that culti-
vation concentrates on historically settled, irrigable, or more fertile zones, while forests
persist on marginal or less arable terrain (64, 65). This ecological structure reshapes the
theoretical question around the role of property rights.

We argue that digitization’s effect on both agriculture and forest cover operates through
reducing transaction costs for both landowners and the state. On the agriculture side,
we expect that digitization, first, should make it easier for landowners to access their
landownership documents by reducing waiting times and rent-seeking. Second, faster
and more transparent documentation strengthens tenure security and reduces uncertainty
about the ability to prove ownership in the event of dispute or state action (66–68).
Third, easier access to land documents should reduce the costs of using land as collateral,
expanding access to credit (28). Banks ration credit when they cannot easily verify
who will reliably repay (69), and this problem is most severe where local branches and
the relationships and local knowledge they produce are sparse (70). Digitized land
records make ownership verifiable even when bank presence is sparse, so their effect
on agricultural investment should be largest in subdistricts with fewer bank branches.
Together, these imply that improved access to credit and lower likelihood of land disputes
should enable landowners to invest more into expanding cultivation (28, 41, 66, 71–73).

On the state side, digitization should strengthen forest protection by lowering the
transaction costs of monitoring and enforcement through two main pathways. First,

5The local names of CSCs vary by state: Akshaya Centre (Kerala), e-Seva (Tamil Nadu), MeeSeva (Andhra
Pradesh), Jan Seva Kendra (Gujarat) etc.

6Author’s interview with Forest Department official in Kochi, 2026.03.03, Ernakulam district.
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consolidating records into a centralized and searchable database should reduce the in-
formational cost of detecting encroachment and verifying claims on government land.7

Second, improved records management should also reduce the cost of resolving bound-
ary disputes that have historically impeded forest department officials. These pathways
are most likely to be effective where the state has clear jurisdictional authority, such as
protected areas.

3 Materials and Methods
We construct a balanced panel dataset at the subdistrict (tehsil) level for India spanning the
period 2001–2022. The dataset combines information on the timing of DILRMP adoption,
land use outcomes derived from satellite imagery, measures of land conflict, indicators
of financial access, and administrative and geographic covariates. Summary statistics
are reported in Supp. Mat. Table A3. All spatial data are harmonized to 2011 Census
subdistrict boundaries, which serve as the reference geography throughout the analysis.

3.1 Rollout of DILRMP
Information on the implementation of DILRMP is obtained from the official Management
Information System maintained by the Department of Land Resources, Government of
India.8 While the MIS reports the completion status of multiple components of the reform
at the village level, we focus on the core component which is the digitization of textual
property titles known as Records of Rights. Digitization of RoRs directly improves the
legibility and accessibility of property documentation for both landholders and the state.9

Other components include cadastral map digitization, integration of textual and spatial
records, establishment of tehsil-level modern record rooms, training of revenue and survey
officials, etc (56, 59). RoR digitization is listed as the first component in enumeration of
DILRMP activities (46, 56, 59, 77).10

We code a subdistrict as having adopted the program (treated) in the year when any
village in that subdistrict reports the completion of RoR digitization. We scraped the MIS
data at three points in time (July 2020, August 2023, and May 2024) in order to recover the
earliest reported completion date for this component. Because the MIS does not include
Census identifiers, we manually harmonize village and subdistrict names to 2011 Census
boundaries.

We match MIS villages to 2011 Census villages using a hierarchical name-matching
procedure that proceeds from finer to coarser geographic levels. We first retain exact
matches on state, district, subdistrict, and village names (433,124 villages). For unmatched

7Weak forest governance often reflects not only political resistance or limited coercive capacity, but also
fragmented and opaque information systems (61, 74–76).

8https://dilrmp.gov.in/
9Across Indian states, different terms are used for RoRs: Record of Rights, Tenancy and Crops (Kar-

nataka), 7/12 extract (Gujarat and Maharashtra), Khasra (Uttar Pradesh, Madhya Pradesh, Chhattisgarh,
Rajasthan).

10In practice, states have completed RoR digitization far ahead of other components: nationally, 90
percent of RoRs had been digitized by January 2021 compared to 53 percent of cadastral maps (78).
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cases, we then apply fuzzy matching on village names, where we break ties with household
counts within units that are exactly matched on state-district-subdistrict levels (71,468
villages at an 80% similarity threshold). Together, these tiers, all of which are exact at the
subdistrict level, account for 504,592 villages. The remaining matches relax the geographic
requirement: 18,983 villages are matched by fuzzy village-name matching within units
exact only at the state–district level (90% threshold), and 1,294 within units exact only at
the state level (95% threshold). In total we match 524,869 villages, or 82.5% of the village
universe. The vast majority of matches (504,592, or 96.1% of matched villages) are exact
at the subdistrict level and are thus correctly assigned to their treatment unit; only 20,277
villages (3.9% of matches) are assigned to a subdistrict on the basis of a coarser match.

3.2 Treatment Definition
We code treatment as the timing of the Computerization of Records of Rights (Figure
1 (a)). Within DILRMP, RoR digitization is the program’s first component and a logical
prerequisite for all subsequent steps: the digitization and integration of cadastral maps,
the linkage of registration with land records, and the voluntary integration of Aadhaar
all presuppose a digitized textual record of rights. Figure 1 illustrates the digitization
process: panel (b) shows a record room where paper records are kept; panel (c) a paper
record from a tax register; and panel (d) a final digitized form. Coding treatment at this
first step therefore captures the onset of a subdistrict’s entry into the program, with later
components layered on afterward.

Implementation has been highly heterogeneous. By 2012 only Karnataka had com-
pleted RoR digitization, but by 2020 most states had begun or completed this step, with
rollout staggered across subdistricts between 2012 and 2022 (Supp. Mat. Fig. A2). A
subdistrict is classified as treated in the first year in which any village within its jurisdic-
tion completes RoR digitization, and zero otherwise. This is a conservative definition that
minimizes measurement error from staggered village-level implementation and potential
spillovers among villages within the same subdistrict. The comparison group includes both
subdistricts that never adopt DILRMP during the sample period and not-yet-treated sub-
districts in periods prior to their adoption (79). For details on treatment data construction,
see Supp. Mat. A.
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Figure 1: DILRMP Timing across Subdistricts

(a) Number of Subdistricts by Year of Treatment (b) Land Record Room (c) Paper-based

(d) Digitized

Notes: Panel a) shows the number of subdistricts by year of first treatment adoption. Panel b) shows
the image of a land record room which stores paper-based cadastral maps for a district; Panel c)
shows an image of a Basic Tax Register (BTR) in Kerala, which is used by the Revenue Department
to establish property ownership and assess taxes on land, while panel d) shows a digitized version
of a BTR.

3.3 Land Use Outcomes
To measure our land cover outcomes, we use annual land use data from the MODIS Collec-
tion 6 Land Cover Type product at 500-meter pixel resolution for the years 2001–2022 (80).
This database offers advantages when classifying land cover due to its calculation method-
ology, which accounts for potential biases and errors caused by atmospheric pollution in
images, as well as specific effects of brightness and cloud cover (further description in Supp.
Mat. B). Land use classes are defined following the International Geosphere–Biosphere
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Programme (IGBP) classification scheme. Supp. Mat. Table A1 provides the description of
each land cover type.

We begin by spatially intersecting land use pixels with subdistrict boundaries. To
construct our forest measure, we compute for each subdistrict the share of its area falling
into each of the five forest sub-categories: evergreen needleleaf forest (layer 1), evergreen
broadleaf forest (layer 2), deciduous needleleaf forest (layer 3), deciduous broadleaf forest
(layer 4), and mixed forest (layer 5), where each layer defines a pixel as a one in the data if
there is tree coverage greater than 60 percent of the relevant category, and zero otherwise.
We sum these shares into a single forest category. Agricultural cover is similarly measured
using the cropland category, where a pixel is classified as agricultural if croplands cover at
least 60 percent of its area.11

We aggregate pixel-level classifications to subdistrict to mitigate concerns about classi-
fication noise in satellite data. The median subdistrict in our sample covers approximately
340 square kilometers, which is equivalent to over 1,360 MODIS pixels (Supp. Mat. Fig.
A1). This process ensures that our outcomes capture meaningful changes in land use
rather than idiosyncratic pixel-level variation. For further discussion on minimizing
measurement error, see the Supp. Mat. B.

3.4 Mechanisms
To examine whether forest outcomes differ on state-owned land, we compile protected area
boundaries from OpenStreetMap (81), which classifies areas according to the International
Union for Conservation of Nature (IUCN) management categories. We retain the seven
categories that designate protected nature areas, spanning IUCN categories Ia through VI
which refer to areas from strictly protected reserves to areas managed for sustainable re-
source use and exclude areas protected for social, cultural, or resource-specific purposes.12

See Supp. Mat. Table A2 for a description of the different categories. We georeference
protected areas as points and polygons. Additionally, we draw a 10-km buffer around
these protected areas and code subdistricts as exposed if they have either a protected area
or a buffer intersecting them. The 10-km buffers represent Environmentally Sensitive
Zones (ESZ) defined by the Environment Protection Act, 1986. Within ESZs, cutting down
trees remains regulated by the government. We code each subdistrict based on whether or
not they intersect with a protected area and its buffer.

Data on land-related conflict are drawn from the Land Conflict Watch database, which
documents ongoing conflicts across India and classifies them by sector, including conser-
vation, infrastructure, and land use (53). Conflict locations are geocoded using the Google
Maps API and spatially matched to subdistricts. For each subdistrict-year, we count the
number of ongoing conflicts as the cumulative number of conflicts that have started up to

11For further analyses, we repeat these procedures for other layers. Shrubland cover is constructed by
aggregating closed shrublands (layer 6) and open shrublands (layer 7). Grassland cover uses the grasslands
category (layer 10). Savanna cover combines woody savannas (layer 8) and savannas (layer 9). We also
construct a measure of cropland/natural vegetation mosaics (layer 14).

12Specifically, we code as protected nature areas: Strict Nature Reserve (protect_class=1a), Wilderness
Area (1b), National Park (2), Natural Monument (3), Habitat/Species Management Area (4), Protected
Landscape/Seascape (5), and Protected Area with Sustainable Use of Natural Resources (6).
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that year, minus the cumulative number of conflicts that have reached a legal resolution.
A conflict enters the count in the year it begins and exits in the year its legal resolution
takes effect. The series starts in the year of the first recorded conflict in the database.

To capture variation in access to formal credit, we calculate the number of branches
per thousand residents based on data of bank branches and 2011 census data (82, 83)
and we classify subdistricts into under- and highly-banked subdistricts. Under-banked
subdistricts are situated in districts with a lower than national median ratio of bank
branches to population and highly-banked subdistricts are situated in districts with higher
than median branches per capita ratio. We estimate treatment effects in both of these
categories.

Qualitative Evidence To trace the mechanisms linking the reform to outcomes on the
ground and to understand how landowners and the state interact in the land adminis-
tration system, we conducted fieldwork in 2025 in Ernakulam and Thiruvananthapuram
districts (Kerala) and Madurai district (Tamil Nadu). Qualitative fieldwork was approved
by the London School of Economics and Political Science in Research Ethics Protocol
580731. Local civil-society organizations working with farming communities helped
facilitate site access in each location. At every site we held semi-structured interviews
with smallholder and large farmers, village council presidents, and officials from the land
administration apparatus, including revenue officers, forest officers, and survey staff. We
conducted interviews in local languages with the help of translators where needed. These
interviews covered respondents’ experiences obtaining and using ownership documents,
accessing records before and after digitization, and the day-to-day consequences of the
reform. The resulting accounts, that we provide throughout the manuscript, illuminate
how citizens and officials perceive and adapt to institutional change in land administra-
tion, and together they offer the on-the-ground texture that complements our study’s
quantitative findings.

3.5 Empirical Strategy
We estimate the effect of land record digitization on land use outcomes using a difference-
in-differences framework. Recent work shows that conventional two-way fixed effects
estimators can produce biased estimates when treatment effects are heterogeneous across
cohorts or over time (84–86). We therefore estimate the average treatment effect on the
treated using the doubly robust estimator of Callaway & Sant’Anna (79), designed for
staggered adoption. We first estimate the cohort-period treatment effects:

ATT (g, t) = E
[
Yt(g)↑Yt(0) | Gg = 1

]
(1)

where Yt(g) and Yt(0) denote potential outcomes in year t under digitization beginning
in year g and under no digitization, and Gg indicates subdistricts first digitized in year
g . We then aggregate the cohort-period effects into event-study and overall summaries.
We condition on a binary indicator for whether a subdistrict’s baseline land cover, such
as agricultural (or forest) cover, in 2010 two years before the first wave of adoption, was
above the median. This means that each newly digitized subdistrict is compared to not-
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yet-digitized or never-digitized subdistricts with a similar baseline land cover, so that our
estimates are not driven by, for instance, heavily forested areas being digitized earlier
or later than sparsely forested ones.13 Because the cohort-period estimator compares
changes in outcomes between newly digitized and not-yet-digitized subdistricts over the
same period, time-invariant subdistrict characteristics and common annual shocks are
differenced out, serving the role of subdistrict and year fixed effects. Standard errors are
clustered at the subdistrict level.

For each of our analyses, we examine the dynamics of treatment effects using an event-
study design that estimates differences in control and treatment trends relative to the
year of adoption. Identification does not require early and late adopters to be comparable
in levels, only that they follow parallel trends. This matters because early adopters and
pilot sites were, according to government sources and press coverage, disproportionately
large districts or those with stronger pre-existing state capacity.14 Because we condition
on baseline characteristics, our key identification assumption is that subdistricts with
similar baseline land cover would have evolved similarly absent digitization. We expect
that if selection into digitization adoption is driven by pre-existing trends that also affect
agricultural and forest cover, this would show up in pre-treatment trends. We present
event-study estimates to assess the parallel trends assumption, test for pre-treatment
trends, and to trace the temporal pattern of post-treatment impacts.

4 Results

4.1 Improvements in Both Agriculture and Forests
Without legible property rights, landowners face high transaction costs of investing
in agriculture and the state faces high transaction costs of protecting forested areas.
Digitizing land records should reduce transaction costs for both sides, allowing for both
greater investment in agriculture and improvements in forest protection, especially when
the two are not spatially trading off at a frontier.

In interviews, landowners consistently emphasized that digitization reduces both wait
times and rent-seeking associated with accessing their land documents. 28 out of 36
respondents we interviewed expressed that digitization facilitated access to documents
and reduced rent-seeking. A further 7 expressed that digitization improved the accuracy
and trustworthiness of their documents and likely reduced disputes over land.

We quantitatively assess these insights from fieldwork interviews using the difference-
in-differences models discussed above. We find positive effects of land record digitization
on both forest and agriculture cover. Following digitization, the proportion of the subdis-
trict under agricultural cultivation increases by 0.626 percentage points (SE = 0.149; Tab.
A4). This represents an increase of about 1% compared to a pre-digitization baseline of
67.98 percent of agricultural cover. For forest cover, the pre-digitization baseline is 9.649
percent of the average subdistrict. After digitization, this increases by 0.135 percentage

13In Supp. Mat. E, we also present results without conditioning on binary baseline land use characteristics
and with using alternative conditioning such as terciles, quintiles, and deciles of the baseline outcome.

14See Government of Mizoram (2024) (87); Bhosale (2012) (88).
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points (SE = 0.044) or by about 1.4%. Given that these results represent averages across
all of India, they indicate significant improvements both in agricultural and forest cover.
More specifically, these effects imply an additional 2 million hectares of agricultural area
and an additional 0.44 million hectares of forest cover.15 Another way of interpreting
these increases is to look at yearly average changes in agriculture and forest cover. For
agriculture, the impact of digitization represents a reversal of 12 years of decline in
agricultural areas and, for forests, it is equivalent to 6 years of net forest growth, from
one administrative reform.16 These results are robust to using alternative conditioning
variables and to not conditioning on baseline characteristics (Supp. Mat. Tab. A5).

Figure 2: DILRMP Effect on Agricultural and Forest Cover

(a) Agricultural Cover (b) Forest Cover

Notes: Estimates come from the doubly robust staggered difference-in-differences estimator. Cohort-
period treatment effects are aggregated into event-study estimates by relative time, measured in
years before and after DILRMP adoption, with zero indicating the adoption year. Outcomes are the
share of subdistrict area with agriculture cover (Panel a) and forest cover (Panel b). Comparisons are
made conditional on a binary indicator for whether a subdistrict’s baseline agricultural (or forest)
cover in 2010 was above or below the median. The comparison group consists of not-yet-treated
and never-treated subdistricts. Estimates are normalized relative to the period immediately before
adoption; 95% confidence intervals are shown. Standard errors are clustered at the subdistrict
level.

The key assumption to isolate the effect of land record digitization is that of parallel
trends: treated and control units would have trended the same way if the treatment group
did not receive the treatment. We report event-study estimates of the dynamic impact
of digitization on land use outcomes as a diagnostic test for this assumption (Fig. 2).
Relative time 0 corresponds to the adoption year. Pre-adoption (negative) coefficients
capture differences between treated and control units before treatment. The estimated

15We compute these absolute area changes by applying the average treatment effects on the share
of subdistrict area (Tab. A4) to India’s total geographical area of approximately 328.7 million hectares:
0.626%↓ 328.7 M ha → 2.06 M ha for agriculture and 0.135%↓ 328.7 M ha → 0.44 M ha for forest cover.

16Between 2019 and 2021, agricultural area declined in India by approximately 170,000 ha and forest
cover grew by approximately 77,000 ha. Forest cover figures are computed from the difference between
successive India State of Forest Reports (52, 89); agricultural-area changes are computed from the Land Use
Statistics at a Glance series published by India’s Directorate of Economics and Statistics (90).
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pre-trends are statistically indistinguishable from zero and remain stable up until the
adoption year, offering evidence that the treatment and control groups had parallel trends
prior to digitization. For agriculture, we see almost immediate treatment effects, whereas
for forested areas digitization has a delayed impact of 1-2 years. Given the parallel trends
assumption, the post-adoption coefficients can be interpreted as the causal effects of
land record digitization. In the supplementary materials, we show that the event study
estimates are robust to the set of baseline characteristics on which we condition parallel
trends: we replace the linear baseline measure with indicators for terciles, quintiles, and
deciles of the 2010 outcome, and we also report estimates with no conditioning at all
(Supp. Mat. Fig. A3).

These results stand in contrast with prior work that finds in tropical rainforest settings
that stronger property rights raise the value of land and, thus, contribute to increased
forest clearing (3, 4, 91–93). The theoretical case for a trade-off is laid out by Angelsen (94):
stronger tenure raises the net present value of clearing forests, therefore, improvements
in tenure can produce a “race to the frontier” in which landowners and squatters clear
preventively to secure ownership. However, Angelsen also warns that the impact of tenure
security on deforestation may be context specific. The next section probes if such patterns
might be localized despite net positive effects overall that we document thus far.

4.2 Minimal Evidence for Trade-offs
Our results so far offer evidence for the double dividend of land record digitization.
However, in the prior section we have presented average effects, which might mask trade-
offs between agriculture and forests in specific zones. For example, agricultural expansion
may drive deforestation in places where pre-reform agricultural cover is low but forest
cover is high.

To study the possibility of trade-offs by pre-reform forest and agricultural cover, first,
we inspect the distribution of agricultural areas and forests pre-reform. Figure 3a shows
that agricultural areas and forests are spatially distinct in India. Highly forested subdis-
tricts typically have very low share of agricultural area and vice versa (Supp. Mat. Fig.
A4). The fact that agriculture and forests are positioned spatially distinctly may suggest
that agricultural expansion is unlikely to come at the cost of increased deforestation.

Second, we estimate the effect of digitization on agricultural and forest cover in three
zones: subdistricts with lower than median pre-digitization share of agricultural and forest
cover, subdistricts with higher than median pre-digitization share of agricultural area and
lower than median share of forested areas, and subdistricts with lower than median share
of agricultural area and higher than median share of forested area.17

We find that the effect of digitization dominates in different zones for agriculture and
forests respectively. Agriculture expands most in places with low levels of pre-existing
agricultural and forest cover (Fig. 3b; Tab. A6). In these subdistricts, the share of the
subdistrict under agricultural cultivation expands by 1.799 percentage points (SE = 0.461)
or by about 3.2%. Forest cover, meanwhile, improves in subdistricts of low pre-reform

17There are no subdistricts with higher than median share of pre-digitization agricultural and forested
area.
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agricultural area, but high forest cover. There, we detect an increase of 0.448 percentage
points (SE = 0.254) or 1.06% in forest cover, with close to zero change in forested areas in
other zones (Fig. 3c; Tab. A6, Cols. 4-6).18

Although these results offer evidence of a double dividend in agriculture and forest
cover, we may miss agriculture-driven deforestation where it is most likely to occur: at
areas neighboring dense forests. We zoom into these areas by subsetting our dataset to
only those subdistricts that have low-low pre-digitization shares of agricultural and forest
cover with neighboring subdistricts with low-high pre-digitization share of agricultural
and forested areas. We analyze the effects of digitization reform only within this subset.

Even in these most likely subdistricts, we find no evidence of a trade-off between
agriculture and forest cover. If agricultural expansion comes at the cost of deforestation,
we would expect agriculture to expand in subdistricts with low prior share of agricultural
area and high forest cover. Furthermore, we would expect the share of forested areas to
decline in these subdistricts post-digitization. We do not find evidence of such a dynamic.
Instead, we find that agricultural cover expands in low-low areas (Supp. Mat. Fig. A5a,
Tab. A7), but without any change in forest cover on either side of the boundary (Supp.
Mat. Fig. A5b, Tab. A7).

18We detect a 0.036 percentage-point (SE = 0.013) change in forest cover in subdistricts with high levels
of pre-reform agriculture and low forest. Although, this result is statistically significant, substantively it
results in a small amount of forest cover change given the low baseline value.

16



Figure 3: No Evidence of Trade-offs Between Agriculture and Forest Areas

(a) Land Cover Map in 2010

Agriculture Forest Above/Below Median Splits

(b) Effects on Agriculture Cover

Low Ag, Low Forest High Ag, Low Forest Low Ag, High Forest

(c) Effects on Forest Cover

Low Ag, Low Forest High Ag, Low Forest Low Ag, High Forest

Notes: Panel (a) maps agriculture and forest cover, each the share of subdistrict area under that
land use, and the above/below-median interaction classification. Panels (b) and (c) show the
effect of digitization on agriculture and forest cover, estimated separately for subdistricts with
low agriculture and low forest, high agriculture and low forest, and low agriculture and high
forest cover. Points are event-study aggregations of the cohort-period effects from the doubly
robust difference-in-differences estimator, normalized to the year before adoption, with 95%
confidence intervals. Relative time zero denotes the adoption year. Each panel reports the overall
ATT, its standard error in parentheses, and the 2010 outcome mean. Comparisons condition on
above/below-median baseline cover in 2010, with not-yet-treated and never-treated subdistricts as
controls. Standard errors are clustered at the subdistrict level.17



5 Mechanisms
We have shown that digitization creates a double dividend of agricultural expansion
alongside forest cover increase, which is not anticipated by explanations focused on a trade-
off between these land use types. Hence, we turn to three observable implications of our
proposed mechanism: reduction in the transaction costs of accessing ownership documents
for landowners and of monitoring and enforcement for the state. If digitization’s effect
operates through lower transaction costs, we expect to see a reduction in land-related
disputes, a more prominent increase in agricultural cover in subdistricts with previously
lower coverage of bank branches, and a larger increase in forest cover in places where the
state already has jurisdiction to enforce environmental outcomes.

Program reduced conflict around land on average We test the first of these observable
implications by estimating the impact of digitization on land conflict. Before digitization,
many disputes stemmed from landowners’ inability to prove ownership, so we expect
digitization to improve dispute resolution through two mechanisms: greater accessibility
and greater tamper-resistance. Qualitative interviews support both channels. Landowners
in Kerala, a state with high rates of outmigration, emphasized the accessibility channel.
As one interviewee put it: “It’s possible that some people have encroached on others’
land, because those have gone abroad and once they are back their land is gone. After
digitization, all of these issues will be cleared up.”19 Others stressed that digital records
are harder to manipulate. One response exemplified this view: “If I need to get a position
certificate, my land record has already been scanned, so there’s no possibility of cheating
or altering the record. It has become easier for the ordinary people to access the record.
With digitization, there won’t be any room for malpractices or cheating.20”

We more formally test digitization’s impact on the number of ongoing land conflicts
using data from the Land Conflict Watch database. Figure 4a shows that following
digitization, there is a decline of 0.073 (SE = 0.015) in the number of ongoing conflicts.
The effect is zero at adoption and grows over time, which indicates digitization prevents
new conflicts rather than resolves existing ones. Because conflicts are rare in absolute terms,
these are small changes in levels; but relative to the rate at which disputes accumulate
absent the reform, they are substantial. Furthermore, when we break down these results
by conflict type, we see that the largest reductions are in categories that our mechanisms
directly imply: conflicts related to conservation and forestry and land use (Supp. Mat. Fig.
A6 and Tab. A9). In contrast, we see no decline in conflicts linked to industry or energy
projects.

Agriculture improves in under-banked areas Second, we investigate whether digitiza-
tion led to higher agricultural expansion in subdistricts where scarce information prior to
reform led to credit rationing. Stiglitz and Weiss argue that when banks have imperfect
information about borrowers, they may choose to ration credit as opposed to simply raising

19Author’s interview with landowner, 2025.08.08, Ernakulam district.
20Author’s interview with landowner, 2025.08.09., Ernakulam district.
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Figure 4: Mechanism Tests for Digitization’s Effects

(a) Number of Ongoing Conflicts

(b) Agriculture Cover by District’s Banking Status in 2011

Below Median Districts in 2011 Above Median Districts in 2011

(c) Forest Cover by Protected Area Status

Non-Protected Areas All Protected Areas Selected Protected Areas (I, II, III)

Notes: Event time is measured in years before and after DILRMP adoption, with zero denoting the
adoption year. Points are event-study aggregations of the cohort-period effects from the doubly
robust difference-in-differences estimator, normalized to the year before adoption, with 95%
confidence intervals. Comparisons condition on above/below-median baseline cover in 2010, with
not-yet-treated and never-treated subdistricts as controls. Each panel reports the overall ATT, its
standard error in parentheses, and the 2010 outcome mean. Standard errors are clustered at the
subdistrict level. Panels (a), (b), and (c) show effects on, respectively: the number of ongoing land
conflicts; agricultural cover, by districts with above- vs. below-median bank branches per capita;
and forest cover, by non-protected, all protected areas and selected protected areas (categories I, II
and III based on the International Union for Conservation of Nature) which have all been created
before 2012. The conflict measure includes all types without distinction, the district classification is
based on the 2011 Census of India, and the protected-area boundaries come from OpenStreetMap.
See Supp. Mat. Table A8 for further details.
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interest rates (69).21 Such information problems are likely to be worse in places where
bank networks are scarcer because banks have fewer relationships and less knowledge
about borrowers, leading to lower access to credit (70).

Our fieldwork indicates that access to documents, a key component of proving own-
ership for credit as well as government subsidies, has become much easier following
digitization. Most landowners access their land documents through Common Service
Centres, which are kiosks that process government-related services such as passport ap-
plications, land document applications, caste certificates, etc. Once land records have
been digitized, CSCs have been able to provide access to land documents as a service.
Younger farmers are also able to apply for these documents using their phones. As one
respondent explained during our fieldwork, “For revenue-related matters, we go to the
Common Service Centers. There are not many problems, because there’s a stipulated time
in which things need to be completed. For getting a loan in the bank, I needed to get a
possession certificate, and I could just go to the CSC now to get it. For both the government
and the common man, this saves a lot of time.”22 Similarly, a landowner felt that access
to documents has vastly improved since digitization: “Dealing with the government has
become much easier and speedier. Beforehand, we would have to go to the village office,
wait there, then they might send us home, and we would have to come back the next day.
We would also have to carry so many documents. It would take 2-3 working days to get
something started.”23 Another farmer highlighted how digitization curtailed the need to
rely on informal intermediaries: “Earlier, we had to meet the middlemen when we went to
the village office. [...] For the government service, we now pay a small fee, but at least we
don’t have to engage the services of the middlemen. Whatever money we have to pay to
the government, now at least is reaching the government.”24

To test if greater document access translates to better access to credit and, consequently,
increased investment in agriculture, we classify subdistricts based on their bank coverage
prior to digitization. We code a district as under-banked if the number of branches per
capita was below the national median in 2011 and highly-banked otherwise. Figure 4b)
shows that digitization expanded the share of the subdistrict under agriculture by 1.347
percentage points (SE = 0.291) or 1.7% in under-banked districts, but had no effect in
highly-banked districts. This suggests that digitization might have improved access to
information for banks and expanded access to credit to landowners, leading to expanded
cultivation.

Forests improved in protected areas We next turn to investigating whether digitization
has reduced the state’s transaction costs of monitoring forested areas, enforcing boundaries,
reducing conflict, and improving forest cover in turn. We first look at the impact of

21The reasoning is that when the bank cannot distinguish low and high-risk borrowers observationally,
increasing the interest rate may not maximize the bank’s profit margins. This is both because of adverse
selection (safe borrowers drop out as they cannot afford the interest rate) and moral hazard (high interest
rates motivate borrowers to invest in high-risk higher-reward projects to pay back the loan). When raising
the interest rate does not maximize bank profits, banks will turn to rationing credit.

22Author’s interview with landowner, 2025.08.09., Ernakulam district.
23Author’s interview with landowner, 2025.08.13., Ernakulam district.
24Author’s interview with landowners, 2025.08.09., Ernakulam district.
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digitization on different types of land conflict: conservation and forestry, industry, land
use, mining, infrastructure, and power-related conflict. We find that the largest decline
in conflict takes place for conservation and forestry conflicts, followed by land use and
mining-related conflicts (Supp. Mat. Fig. A6). This implies that following digitization
conflict over forestry becomes easier to settle or less likely to break out.

If digitization primarily improves the state’s ability to monitor forests, we should
mostly see improvements in forested areas that are overseen by the state. This mechanism
is echoed in interviews we have conducted with officials in both the Forest and Land
Records Departments. One forest department official told us that inter-departmental
coordination is the primary challenge they face: “As we have different departments, when
the revenue department assigns the land [to a person], the forest department [records]
might not get updated...However, by the digitization of [land records], further changes in
the forest land can be monitored properly.”25

To further investigate how digitization changes monitoring by the state, we divide
subdistricts into those that have a protected nature area, those that do not, and those with
selected protected areas that were created before 2012. Our results show that forested
areas have primarily improved in protected areas (Figure 4c). This holds both for all
protected areas and for those selected areas that were created prior to 2012. In subdistricts
without protected areas, we find no change in forested areas. This supports our suggested
mechanism: forest cover improves where digitization reduces the government’s costs of
monitoring forest areas.

Savanna & Grassland Analysis The prior section shows that reduction in transaction
costs improves both forest and agricultural cover. However, since land is finite, improve-
ments in these two domains must come at the cost of reduction in some other land use
types. We investigate the impact of digitization on other land use categories and find null
effects on most other categories except for savannas and grasslands (Supp. Mat. Fig. A7,
Tab. A10).

We find that share of savanna cover declines by 0.452 percentage points (SE = 0.085)
or by about 5.1% and the share of grassland cover declines by 0.375 percentage points (SE
= 0.071) or 6.4% (Supp. Mat. Fig. A8, Tab. A11). We disaggregate these measures by our
high-low agricultural and forest cover subsamples. Savannas decline most sharply in low
agricultural and high forest cover subdistricts: the same places where we see improved
forest cover (Supp. Mat. Fig. A9, Tab. A12). Grasslands decline most in low agricultural
and low forest cover subdistricts, where agricultural areas increase the most (Supp. Mat.
Fig. A9, Tab. A12).26 Decline in grasslands and savannas, but not in forests, is consistent
with formal environmental protections shielding forest lands and leaving other areas
exposed to land use change. Grasslands and savannas are often classified as “wastelands”
by the Indian government, which indicates that the government sees these areas as having
little environmental or economic value (40). This classification makes land use change

25Author’s interview with forest department official in Kochi, 2026.03.03., Ernakulam district.
26We also see a decline in grasslands in low agricultural-high forest cover subdistricts, but the event

study shows an existing downward trend prior to digitization. This means we cannot interpret this decline
causally.
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much easier, whether towards agricultural use or afforestation.

6 Discussion
We evaluate the world’s largest land-records digitization program and find that it produced
simultaneous gains in agricultural cover and forest cover, with the two improvements
arising in spatially distinct parts of the Indian landscape. Subdistricts with low pre-reform
agriculture saw cultivation expand most, while heavily forested but lightly cultivated
subdistricts were the most likely to see forest cover improve; in border areas where a
frontier dynamic would bemost visible, we detect no displacement of forests by agriculture.
We find that the reform’s effectiveness operates through reduced transaction costs on both
sides of the state-society relationship: ongoing land conflicts fall sharply, agricultural
gains concentrate in under-banked subdistricts, and forest gains concentrate in legally
protected areas.

These results sit in tension with the dominant trade-off finding in the rainforest-frontier
literature. The theoretical case for a trade-off is laid out by Angelsen (2010)(94): stronger
tenure raises the net present value of clearing forests, therefore, improvements in tenure
can produce a “race to the frontier” in which landowners and squatters clear preventively
to secure ownership. Empirical work has consistently confirmed this prediction in tropical
rainforests (3, 4, 91–93).27

Three features distinguish our setting and reform from this prior work. First, India’s
tropical dry forests are spatially interspersed with cultivation rather than arrayed along
an active frontier, so a property-rights shock that raises the value of farming need not
bring agriculture and forest into spatial competition (64, 94). Second, India’s agricul-
ture is dominated by smallholder, labor-intensive agriculture, whereas many rainforest
settings are more suited to large, capital-intensive agriculture, especially at the forest
frontier. Angelsen identifies labor-intensive smallholder agriculture as the context in
which improved tenure security is most likely to create a double dividend for forest and
agriculture: these spaces tend to produce greater intensification of agricultural production
rather than deforestation (96). Lastly, DILRMP holds de jure rights fixed and changes
the legibility of existing rights by digitizing textual records, computerizing maps, and
integrating them into central platforms, rather than granting or formalizing claims. The
systematic-review evidence is largely silent on this kind of administrative-capacity reform
(38, 42), which means we know little about the consequences of capacity-building for the
agriculture-forest cover trade-off.28

Three caveats temper our conclusions. First, our outcomes are measured by satellite, so
detected forest gains likely reflect a mix of stronger protection of existing canopy, regen-
eration on degraded plots, and reduced encroachment, but not the species composition
or biodiversity quality of those gains. Second, our reduced-form estimates do not sepa-
rate the relative contribution of dry-forest spatial structure, smallholder labor-intensive

27The countervailing strand on collective and indigenous titling does find forest gains (34, 35, 95), but
focuses specifically on forest conservation instead of its trade-off with agriculture.

28Tseng et al. count only 7 of 117 causal land-tenure studies as capacity-building (38). Lawry et al.
explicitly exclude justice, capacity-building, outreach, and inheritance reforms from their review (42).
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agriculture, and the legal protection of forests; future work distinguishing these channels
across settings would clarify the external scope of our findings.

Third, while we do not find evidence of a trade-off between agriculture and forests,
we detect a reduction in grasslands and savannas exactly in the places where agriculture
and forests improve. This makes the net impact of the reform more ambiguous. This is
especially so in a developing country context where environmental and economic pressures
are both acutely felt. To evaluate the net impact, we would have to account for the carbon
stored in every type of land cover and tally the gains and losses from each type of land-
use change into a single net figure. An economic accounting would also require us to
value the agricultural output gained by increased cropland cover against the economic
value of lost grassland and savannas. While we leave this accounting to future work, our
results do suggest that stronger administrative capacity does not necessarily eliminate
land-use trade-offs, but may shift pressure toward ecosystems receiving weaker legal and
administrative recognition.

The broader implication is that administrative legibility, by itself, can be a high-leverage
conservation and development instrument. In settings where agriculture and forest are
spatially interspersed and where forests already enjoy legal protection, our work shows,
capacity-building reforms of this kind appear to offer a rare double dividend that titling
and formalization reforms have rarely delivered.

23



References
[1] Foley, J. A. et al. Solutions for a cultivated planet. Nature 478, 337–342 (2011). URL

https://www.nature.com/articles/nature10452.

[2] Tilman, D., Balzer, C., Hill, J. & Befort, B. L. Global food demand and the sus-
tainable intensification of agriculture. Proceedings of the National Academy of Sci-
ences 108, 20260–20264 (2011). URL https://www.pnas.org/doi/10.1073/pnas.
1116437108.

[3] Liscow, Z. D. Do property rights promote investment but cause deforestation?
quasi-experimental evidence from nicaragua. Journal of Environmental Economics
and Management 65, 241–261 (2013).

[4] Lipscomb, M. & Prabakaran, N. Property rights and deforestation: Evidence from
the terra legal land reform in the brazilian amazon. World Development 129, 104854
(2020).

[5] Lambin, E. F. & Meyfroidt, P. Global land use change, economic globalization,
and the looming land scarcity. Proceedings of the National Academy of Sciences 108,
3465–3472 (2011). URL https://www.pnas.org/doi/10.1073/pnas.1100480108.

[6] DeFries, R. S., Rudel, T., Uriarte, M. & Hansen, M. Deforestation driven by ur-
ban population growth and agricultural trade in the twenty-first century. Nature
Geoscience 3, 178–181 (2010). URL https://www.nature.com/articles/ngeo756.

[7] Gibbs, H. K. et al. Tropical forests were the primary sources of new agricultural land
in the 1980s and 1990s. Proceedings of the National Academy of Sciences 107, 16732–
16737 (2010). URL https://www.pnas.org/doi/10.1073/pnas.0910275107.

[8] Ceddia, M. G., Bardsley, N. O., Gomez-y Paloma, S. & Sedlacek, S. Governance,
agricultural intensification, and land sparing in tropical south america. Proceedings
of the National Academy of Sciences 111, 7242–7247 (2014).

[9] Meyfroidt, P., Rudel, T. K. & Lambin, E. F. Forest transitions, trade, and the global
displacement of land use. Proceedings of the National Academy of Sciences 107, 20917–
20922 (2010). URL https://www.pnas.org/doi/10.1073/pnas.1014773107.

[10] Food and Agriculture Organization of the United Nations. Global forest resources
assessment 2025. Tech. Rep., FAO, Rome (2025). URL https://www.fao.org/
forest-resources-assessment/en. Accessed October 2025.

[11] Xu, L. et al. Changes in global terrestrial live biomass over the 21st century. Science
Advances 7, eabe9829 (2021).

[12] Song, X.-P. et al. Massive soybean expansion in south america since 2000 and
implications for conservation. Nature Sustainability 4, 784–792 (2021). URL https:
//www.nature.com/articles/s41893-021-00729-z.

24

https://www.nature.com/articles/nature10452
https://www.pnas.org/doi/10.1073/pnas.1116437108
https://www.pnas.org/doi/10.1073/pnas.1116437108
https://www.pnas.org/doi/10.1073/pnas.1100480108
https://www.nature.com/articles/ngeo756
https://www.pnas.org/doi/10.1073/pnas.0910275107
https://www.pnas.org/doi/10.1073/pnas.1014773107
https://www.fao.org/forest-resources-assessment/en
https://www.fao.org/forest-resources-assessment/en
https://www.nature.com/articles/s41893-021-00729-z
https://www.nature.com/articles/s41893-021-00729-z


[13] Assunção, J. & Rocha, R. Getting greener by going black: the effect of blacklisting
municipalities on amazon deforestation. Environment and Development Economics
24, 115–137 (2019).

[14] Austin, K. G., Schwantes, A., Gu, Y. & Kasibhatla, P. S. What causes deforestation
in indonesia? Environmental Research Letters 14, 024007 (2019). URL https:
//iopscience.iop.org/article/10.1088/1748-9326/aaf6db.

[15] Pendrill, F. et al. Disentangling the numbers behind agriculture-driven tropical
deforestation. Science 377, eabm9267 (2022). URL https://www.science.org/
doi/10.1126/science.abm9267.

[16] Miles, L. et al. A global overview of the conservation status of tropical dry forests.
Journal of Biogeography 33, 491–505 (2006). URL https://onlinelibrary.wiley.
com/doi/abs/10.1111/j.1365-2699.2005.01424.x.

[17] Murphy, P. G. & Lugo, A. E. Ecology of tropical dry forest. Annual Review of Ecology
and Systematics 17, 67–88 (1986). URL https://www.annualreviews.org/doi/10.
1146/annurev.es.17.110186.000435.

[18] Dryflor et al. Plant diversity patterns in neotropical dry forests and their conserva-
tion implications. Science 353, 1383–1387 (2016).

[19] Portillo-Quintero, C., Sanchez-Azofeifa, A., Calvo-Alvarado, J., Quesada, M. &
do Espirito Santo, M. M. The role of tropical dry forests for biodiversity, carbon
and water conservation in the neotropics: lessons learned and opportunities for
its sustainable management. Regional Environmental Change 15, 1039–1049 (2015).
URL https://link.springer.com/article/10.1007/s10113-014-0689-6.

[20] Agrawal, A. Forests, governance, and sustainability: common property theory and
its contributions. International Journal of the Commons 1, 111–136 (2007).

[21] Geist, H. J. & Lambin, E. F. Proximate causes and underlying driving forces of
tropical deforestation: Tropical forests are disappearing as the result of many
pressures, both local and regional, acting in various combinations in different
geographical locations. BioScience 52, 143–150 (2002).

[22] Madhusudan, M. & Vanak, A. T. Mapping the distribution and extent of india’s
semi-arid open natural ecosystems. Journal of Biogeography 50, 1377–1387 (2023).

[23] Department of Land Resources, Government of India. Digital India Land Records
Modernisation Programme MIS Dashboard. https://dilrmp.gov.in/ (2025).
Accessed 8 November 2025.

[24] Editorial Team, VOI. Minister AHY calls 117 million land fields certified thanks
to PTSL (2024). URL https://voi.id/en/news/412801. Accessed 08 November
2025.

25

https://iopscience.iop.org/article/10.1088/1748-9326/aaf6db
https://iopscience.iop.org/article/10.1088/1748-9326/aaf6db
https://www.science.org/doi/10.1126/science.abm9267
https://www.science.org/doi/10.1126/science.abm9267
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-2699.2005.01424.x
https://onlinelibrary.wiley.com/doi/abs/10.1111/j.1365-2699.2005.01424.x
https://www.annualreviews.org/doi/10.1146/annurev.es.17.110186.000435
https://www.annualreviews.org/doi/10.1146/annurev.es.17.110186.000435
https://link.springer.com/article/10.1007/s10113-014-0689-6
https://dilrmp.gov.in/
https://voi.id/en/news/412801


[25] Tapu ve Kadastro Genel Müdürlüğü. Total parcels throughout türkiye. https:
//www.tkgm.gov.tr/en (2025). Accessed 8 November 2025.

[26] Demsetz, H. Toward a theory of property rights. American Economic Review 57,
347–359 (1967). URL https://www.jstor.org/stable/1821637.

[27] Alchian, A. A. & Demsetz, H. The property right paradigm. The journal of economic
history 33, 16–27 (1973).

[28] Besley, T. Property rights and investment incentives: Theory and evidence from
ghana. Journal of Political Economy 103, 903–937 (1995).

[29] Libecap, G. D. & Lueck, D. The demarcation of land and the role of coordinating
property institutions. Journal of Political Economy 119, 426–467 (2011).

[30] De Janvry, A., Emerick, K., Gonzalez-Navarro, M. & Sadoulet, E. Delinking land
rights from land use: Certification and migration in mexico. American Economic
Review 105, 3125–3149 (2015). URL https://www.aeaweb.org/articles?id=10.
1257/aer.20130853.

[31] Galiani, S. & Schargrodsky, E. Property rights for the poor: Effects of land titling.
Journal of Public Economics 94, 700–729 (2010).

[32] Bu, D. & Liao, Y. Land property rights and rural enterprise growth: Evidence from
land titling reform in china. Journal of Development Economics 157, 102853 (2022).

[33] Robinson, B. E., Holland, M. B. & Naughton-Treves, L. Does secure land tenure
save forests? a meta-analysis of the relationship between land tenure and tropical
deforestation. Global Environmental Change 29, 281–293 (2014).

[34] Blackman, A., Corral, L., Lima, E. S. & Asner, G. P. Titling indigenous communities
protects forests in the peruvian amazon. Proceedings of the National Academy of
Sciences 114, 4123–4128 (2017).

[35] Baragwanath, K. & Bayi, E. Collective property rights reduce deforestation in the
brazilian amazon. Proceedings of the National Academy of Sciences 117, 20495–20502
(2020).

[36] Andam, K. S., Ferraro, P. J., Pfaff, A., Sanchez-Azofeifa, G. A. & Robalino, J. A.
Measuring the effectiveness of protected area networks in reducing deforestation.
Proceedings of the National Academy of Sciences 105, 16089–16094 (2008). URL
https://www.pnas.org/doi/10.1073/pnas.0800437105.

[37] Pfaff, A., Robalino, J., Lima, E., Sandoval, C. & Herrera, L. D. Governance, location
and avoided deforestation from protected areas: greater restrictions can have lower
impact, due to differences in location. World Development 55, 7–20 (2014).

[38] Tseng, T. et al. Influence of land tenure interventions on human well-being and
environmental outcomes. Nature Sustainability 4, 242–251 (2021). URL https:
//www.nature.com/articles/s41893-020-00648-5.

26

https://www.tkgm.gov.tr/en
https://www.tkgm.gov.tr/en
https://www.jstor.org/stable/1821637
https://www.aeaweb.org/articles?id=10.1257/aer.20130853
https://www.aeaweb.org/articles?id=10.1257/aer.20130853
https://www.pnas.org/doi/10.1073/pnas.0800437105
https://www.nature.com/articles/s41893-020-00648-5
https://www.nature.com/articles/s41893-020-00648-5


[39] Baka, J. The political construction of wasteland: governmentality, land acquisition
and social inequality in south india. In Wolford, W., Borras Jr., S. M., Hall, R.,
Scoones, I. & White, B. (eds.) Governing global land deals: The role of the state in the
rush for land, 211–229 (Wiley Online Library, 2013).

[40] Lahiri, S. & Reddy, S. India’s grasslands are not “wastelands”. Science 387, 726–727
(2025).

[41] Goldstein, M., Houngbedji, K., Kondylis, F., O’Sullivan, M. & Selod, H. Formaliza-
tion without certification? experimental evidence on property rights and investment.
Journal of Development Economics 132, 57–74 (2018).

[42] Lawry, S. et al. The impact of land property rights interventions on investment and
agricultural productivity in developing countries: a systematic review. Journal of
Development Effectiveness 9, 61–81 (2017).

[43] Field, E. Entitled to work: Urban property rights and labor supply in peru. The
Quarterly Journal of Economics 122, 1561–1602 (2007).

[44] Wren-Lewis, L., Becerra-Valbuena, L. & Houngbedji, K. Formalizing land rights can
reduce forest loss: Experimental evidence from benin. Science Advances 6, eabb6914
(2020).

[45] Ali, D. A., Deininger, K. & Goldstein, M. Environmental and gender impacts of land
tenure regularization in africa: Pilot evidence from rwanda. Journal of Development
Economics 110, 262–275 (2014).

[46] Kaur, R. & Thadaboina, V. ICT applications in land records administration in
India: A study on the implementation of DILRMP. In Basu, R. (ed.) Democracy and
Public Policy in the Post-COVID-19 World: Choices and Outcomes, chap. 9, 128–139
(Routledge, Abingdon, Oxon; New York, 2020).

[47] Deininger, K. W. Land policies for growth and poverty reduction (World Bank Publica-
tions, 2003).

[48] Deininger, K., Goyal, A. & Nagarajan, H. Women’s inheritance rights and intergener-
ational transmission of resources in india. Journal of Human Resources 48, 114–141
(2013).

[49] Gupta, D. B., Sanan, D. & Prabhakar, P. DI-LRMP impact assessment: Himachal
Pradesh report release. Slide deck, National Council of Applied Economic Research
(NCAER), New Delhi (2017). Report release at the DILRMP Impact Assessment
event, 13 November 2017.

[50] Goyal, Y., Choudhury, P. R. & Ghosh, R. K. Informal land leasing in rural india
persists because it is credible. Land Use Policy 120, 106299 (2022).

27



[51] Rights and Resources Initiative & Tata Institute of Social Sciences. Land con-
flicts in india: An interim analysis. Tech. Rep., Rights and Resources Initiative,
Washington, DC (2016). URL https://rightsandresources.org/publication/
land-conflicts-india-interim-analysis/. Analysis of 289 ongoing land-
related conflicts, January–September 2016.

[52] Forest Survey of India. India state of forest report 2019, volume ii (2019). URL
https://fsi.nic.in/isfr2019/isfr-fsi-vol2.pdf. Accessed: 2026-02-24.

[53] Land Conflict Watch. Land conflict watch: Tracking natural resource disputes in
india. Nut Graph LLP. https://www.landconflictwatch.org (2026). Accessed:
2026-07-02.

[54] Pande, T. & Bhardwaj, V. Land rights and the digital revolution in India:
Potential and pitfalls. Tech. Rep., Centre for Policy Research, Land Rights
Initiative, New Delhi (2022). URL https://cprindia.org/briefsreports/
land-rights-and-the-digital-revolution-in-india-potential-and-pitfalls/.

[55] DoLR. Best practices in digital india land records modernization programme
(dilrmp). Tech. Rep. (2020). URL https://dilrmp.gov.in/faces/resources/
doc/Book_Best_Practic_(DLRMP)_24.8.pdf.

[56] Department of Land Resources, Ministry of Rural Development, Govern-
ment of India. The national land records modernization programme (NL-
RMP): Guidelines, technical manuals and MIS 2008-09. Government Report,
Department of Land Resources, Ministry of Rural Development, Govern-
ment of India, New Delhi (2009). URL https://cdnbbsr.s3waas.gov.in/
s3d69116f8b0140cdeb1f99a4d5096ffe4/uploads/2024/08/20240827492040107.
pdf. Cabinet approval 21.08.2008.

[57] Government of India, D. o. L. R., Ministry of Rural Development. About us —
digital india land records modernization programme (mis 4.0). https://dilrmp.
gov.in/userProfile/about-us (2025). Accessed: 2025-09-19.

[58] Department of Land Resources, Ministry of Rural Development, Government of
India. Guidelines of the digital india land records modernization programme
(DILRMP) (2021–2026). Programme Guidelines, Government of India (2021).
URL https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/
settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%
20Guidelines%20of%20DILRMP%202021-26.pdf. Hosted on the Rajasthan
Settlement Department portal; accessed 2 May 2026.

[59] Department of Land Resources, Ministry of Rural Development, Gov-
ernment of India. The Digital India Land Records Modernization
Programme (DILRMP) / Guidelines, Technical Manuals and mis /
2018-19. Programme Guidelines, Government of India (2019). URL
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/

28

https://rightsandresources.org/publication/land-conflicts-india-interim-analysis/
https://rightsandresources.org/publication/land-conflicts-india-interim-analysis/
https://fsi.nic.in/isfr2019/isfr-fsi-vol2.pdf
https://cprindia.org/briefsreports/land-rights-and-the-digital-revolution-in-india-potential-and-pitfalls/
https://cprindia.org/briefsreports/land-rights-and-the-digital-revolution-in-india-potential-and-pitfalls/
https://dilrmp.gov.in/faces/resources/doc/Book_Best_Practic_(DLRMP)_24.8.pdf
https://dilrmp.gov.in/faces/resources/doc/Book_Best_Practic_(DLRMP)_24.8.pdf
https://cdnbbsr.s3waas.gov.in/s3d69116f8b0140cdeb1f99a4d5096ffe4/uploads/2024/08/20240827492040107.pdf
https://cdnbbsr.s3waas.gov.in/s3d69116f8b0140cdeb1f99a4d5096ffe4/uploads/2024/08/20240827492040107.pdf
https://cdnbbsr.s3waas.gov.in/s3d69116f8b0140cdeb1f99a4d5096ffe4/uploads/2024/08/20240827492040107.pdf
https://dilrmp.gov.in/userProfile/about-us
https://dilrmp.gov.in/userProfile/about-us
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guidelines%20of%20DILRMP%202021-26.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guidelines%20of%20DILRMP%202021-26.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guidelines%20of%20DILRMP%202021-26.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf


settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%
20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf. Hosted
on the Rajasthan Settlement Department portal; accessed 2 May 2026.

[60] Finance Research Group, Indira Gandhi Institute of Development Research (IGIDR).
Implementation of the DI-LRMP in the state of Maharashtra. Slide deck, Indira
Gandhi Institute of Development Research, Mumbai (2017). Presented at the
DILRMP Impact Assessment event, November 2017. Title slide as printed reads
“Sate” (misspelling of “State”).

[61] Deininger, K. & Feder, G. Land registration, governance, and development: Evidence
and implications for policy. The World Bank Research Observer 24, 233–266 (2009).

[62] Angelsen, A. & Kaimowitz, D. Rethinking the causes of deforestation: Lessons from
economic models. The World Bank Research Observer 14, 73–98 (1999).

[63] Jayachandran, S. et al. Cash for carbon: A randomized trial of payments for ecosys-
tem services to reduce deforestation. Science 357, 267–273 (2017).

[64] Meiyappan, P. et al. Dynamics and determinants of land change in india: integrating
satellite data with village socioeconomics. Regional Environmental Change 17, 753–
766 (2017).

[65] Gadgil, M. & Guha, R. This fissured land: An ecological history of India (University of
California Press, 1993).

[66] Besley, T. J., Burchardi, K. B. & Ghatak, M. Incentives and the de soto effect. The
Quarterly Journal of Economics 127, 237–282 (2012).

[67] André, C. & Platteau, J.-P. Land relations under unbearable stress: Rwanda
caught in the malthusian trap. Journal of Economic Behavior & Organization
34, 1–47 (1998). URL https://www.sciencedirect.com/science/article/pii/
S0167268197000450.

[68] Fetzer, T. & Marden, S. Take what you can: Property rights, contestability and
conflict. The Economic Journal 127, 757–783 (2017). URL https://www.jstor.org/
stable/45023042.

[69] Stiglitz, J. E. & Weiss, A. Credit rationing in markets with imperfect information.
The American economic review 71, 393–410 (1981).

[70] Burgess, R. & Pande, R. Do rural banks matter? evidence from the indian social
banking experiment. American economic review 95, 780–795 (2005).

[71] Goldstein, M. & Udry, C. The profits of power: Land rights and agricultural
investment in ghana. Journal of Political Economy 116, 981–1022 (2008).

[72] Deininger, K. & Castagnini, R. Incidence and impact of land conflict in uganda.
Journal of Economic Behavior & Organization 60, 321–345 (2006).

29

https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf
https://landrevenue.rajasthan.gov.in/content/dam/landrevenue/settlementdepartment/pdffolder/Scheme%20and%20Section/DILRMP/Final%20Guideline%20of%20DILRMP%20-%202018-19%20-%2002-01-2019.pdf
https://www.sciencedirect.com/science/article/pii/S0167268197000450
https://www.sciencedirect.com/science/article/pii/S0167268197000450
https://www.jstor.org/stable/45023042
https://www.jstor.org/stable/45023042


[73] Beg, S. Digitization and development: Property rights security, and land and labor
markets. Journal of the European Economic Association 20, 395–429 (2022).

[74] Scott, J. C. Seeing like a State: How Certain Schemes to Improve the Human Condition
Have Failed (Yale University Press, 1998).

[75] Ongolo, S. On the banality of forest governance fragmentation: Exploring “gecko
politics”as a bureaucratic behaviour in limited statehood. Forest Policy and Economics
53, 12–20 (2015).

[76] Saavedra, S. Technology, information and state capacity: Experimental evidence
from illegal mining in colombia. SSRN Working Paper No. 3933128 (2025). URL
https://ssrn.com/abstract=3933128.

[77] Revenue and Disaster Management Department, Government of Odisha.
Digital india land records modernization programme: DILRMP at a glance.
https://revenue.odisha.gov.in/sites/default/files/2020-02/DILRMP_at_
Glance_0.pdf (2020). Accessed 2 May 2026.

[78] Jain, C., Sanan, D. & Sen, S. Key drivers of progress in digitisation of India’s land
records. Tech. Rep. Policy Brief No. 1, 2021, National Council of Applied Economic
Research (NCAER) Land Policy Initiative, New Delhi (2021).

[79] Callaway, B. & Sant’Anna, P. H. C. Difference-in-differences with multiple time
periods. Journal of Econometrics 225, 200–230 (2021).

[80] Friedl, M. & Sulla-Menashe, D. Modis/terra+aqua land cover type yearly l3 global
500m sin grid v061 [data set] (2022). URL https://doi.org/10.5067/MODIS/
MCD12Q1.061. Accessed 2024-08-21.

[81] OpenStreetMap Wiki. Tag:boundary=protected_area. https://wiki.
openstreetmap.org/wiki/Tag:boundary=protected_area (2026). Accessed:
2026-07-02.

[82] Development Data Lab. RBI bank branch data. URL https://docs.devdatalab.
org/SHRUG-Metadata/RBI/Tables/rbi-metadata/.

[83] Office of the Registrar General and Census Commissioner, India. Census of india
(2011). Accessed via SHRUG https://www.devdatalab.org/shrug_download/,
v2.1.pakora.

[84] Goodman-Bacon, A. Difference-in-differences with variation in treatment timing.
Journal of Econometrics 225, 254–277 (2021).

[85] Sun, L. & Abraham, S. Estimating dynamic treatment effects in event studies with
heterogeneous treatment effects. Journal of Econometrics 225, 175–199 (2021).

[86] de Chaisemartin, C. & D’Haultfœuille, X. Two-way fixed effects estimators with
heterogeneous treatment effects. American Economic Review 110, 2964–2996 (2020).

30

https://ssrn.com/abstract=3933128
https://revenue.odisha.gov.in/sites/default/files/2020-02/DILRMP_at_Glance_0.pdf
https://revenue.odisha.gov.in/sites/default/files/2020-02/DILRMP_at_Glance_0.pdf
https://doi.org/10.5067/MODIS/MCD12Q1.061
https://doi.org/10.5067/MODIS/MCD12Q1.061
https://wiki.openstreetmap.org/wiki/Tag:boundary=protected_area
https://wiki.openstreetmap.org/wiki/Tag:boundary=protected_area
https://docs.devdatalab.org/SHRUG-Metadata/RBI/Tables/rbi-metadata/
https://docs.devdatalab.org/SHRUG-Metadata/RBI/Tables/rbi-metadata/
https://www.devdatalab.org/shrug_download/


[87] Government of Mizoram. Land Revenue and Settlement Department, Government
of Mizoram, India (2024). URL https://landrevenue.mizoram.gov.in/.

[88] Bhosale, J. Maharashtra government launches e-mahabhumi project
for re-measurement of land. The Economic Times (2012). URL
https://economictimes.indiatimes.com/news/politics-and-nation/
maharashtra-government-launches-e-mahabhumi-project-for-re-measurement-of-land/
articleshow/13787388.cms?from=mdr.

[89] Forest Survey of India. India state of forest report 2021. Biennial Forest Re-
source Assessment Report, Forest Survey of India, Ministry of Environment, Forest
and Climate Change, Government of India (2022). URL https://fsi.nic.in/
forest-report-2021. Total geographical area of India: 328.726 million ha. Forest
cover: 713,789 km2. Accessed: 2026-05-12.

[90] Ministry of Agriculture and Farmers Welfare, Government of India. Land use statis-
tics at a glance. URL https://desagri.gov.in/document-report-category/
land-use-statistics-at-a-glance/. Annual net sown area and other land-use
categories for India. Retrieved on March 2026.

[91] Araujo, C., Bonjean, C. A., Combes, J.-L., Combes Motel, P. & Reis, E. J. Property
rights and deforestation in the brazilian amazon. Ecological Economics 68, 2461–2468
(2009).

[92] Alston, L. J., Libecap, G. D. & Mueller, B. Land reform policies, the sources of
violent conflict, and implications for deforestation in the Brazilian Amazon. Journal
of Environmental Economics and Management 39, 162–188 (2000).

[93] Jaramillo, C. F. & Kelly, T. Deforestation and property rights. In Forest Resource
Policy in Latin America, 111–134 (Inter-American Development Bank, 1999).

[94] Angelsen, A. Policies for reduced deforestation and their impact on agricultural
production. Proceedings of the National Academy of Sciences 107, 19639–19644 (2010).

[95] Jagadish, A. et al. Scaling indigenous-led natural resource management. Global
Environmental Change 84, 102799 (2024).

[96] Bloem, J. R. & Lundberg, C. Agricultural technology adoption and deforestation:
Evidence from a randomized control trial. Journal of Development Economics 103600
(2025).

[97] Office of the Registrar General and Census Commissioner, India. Population finder.
https://censusindia.gov.in/census.website/data/population-finder
(2025). Census of India. Retrieved November 11, 2025.

[98] Government of India, Ministry of Panchayati Raj. Local government directory (2025).
URL https://lgdirectory.gov.in/. Accessed: 2025.

31

https://landrevenue.mizoram.gov.in/
https://economictimes.indiatimes.com/news/politics-and-nation/maharashtra-government-launches-e-mahabhumi-project-for-re-measurement-of-land/articleshow/13787388.cms?from=mdr
https://economictimes.indiatimes.com/news/politics-and-nation/maharashtra-government-launches-e-mahabhumi-project-for-re-measurement-of-land/articleshow/13787388.cms?from=mdr
https://economictimes.indiatimes.com/news/politics-and-nation/maharashtra-government-launches-e-mahabhumi-project-for-re-measurement-of-land/articleshow/13787388.cms?from=mdr
https://fsi.nic.in/forest-report-2021
https://fsi.nic.in/forest-report-2021
https://desagri.gov.in/document-report-category/land-use-statistics-at-a-glance/
https://desagri.gov.in/document-report-category/land-use-statistics-at-a-glance/
https://censusindia.gov.in/census.website/data/population-finder
https://lgdirectory.gov.in/


[99] Dell Research Harvard. linktransformer: A convenient way to link, dedupli-
cate, aggregate and cluster data(frames) in python using deep learning. https:
//github.com/dell-research-harvard/linktransformer (2025). GitHub repos-
itory. Accessed November 11, 2025.

[100] Sulla-Menashe, D., Gray, J. M., Abercrombie, S. P. & Friedl, M. A. Hierarchical
mapping of annual global land cover 2001 to present: The modis collection 6 land
cover product. Remote Sensing of Environment 222, 183–194 (2019).

[101] Jain, M. The benefits and pitfalls of using satellite data for causal inference. Review
of Environmental Economics and Policy (2020).

[102] Baragwanath, K. & Shinde, N. Beyond the canopy: How satellite data detec-
tion thresholds influence policy evaluation and deforestation behavior. Journal
of Environmental Economics and Management 134, 103219 (2025). URL https:
//www.sciencedirect.com/science/article/pii/S0095069625001032.

[103] Sulla-Menashe, D. & Friedl, M. MODIS Collection 6.1 (C61) Land Cover Type
Product User Guide. User Guide, NASA EOSDIS Land Processes Distributed Active
Archive Center (2022). URL https://lpdaac.usgs.gov/documents/1409/MCD12_
User_Guide_V61.pdf. Accessed: 2025-01-15.

[104] OpenStreetMap Contributors. Tag:boundary=protected_area (2026). URL https:
//wiki.openstreetmap.org/wiki/Tag:boundary%3Dprotected_area. Accessed:
2026-05-07.

32

https://github.com/dell-research-harvard/linktransformer
https://github.com/dell-research-harvard/linktransformer
https://www.sciencedirect.com/science/article/pii/S0095069625001032
https://www.sciencedirect.com/science/article/pii/S0095069625001032
https://lpdaac.usgs.gov/documents/1409/MCD12_User_Guide_V61.pdf
https://lpdaac.usgs.gov/documents/1409/MCD12_User_Guide_V61.pdf
https://wiki.openstreetmap.org/wiki/Tag:boundary%3Dprotected_area
https://wiki.openstreetmap.org/wiki/Tag:boundary%3Dprotected_area


SUPPLEMENTARYMATERIALS

A Treatment Data Construction
We collect information on the implementation of DILRMP from the program’s official
website, which both reports each subdistrict’s status on the program’s four objectives: (1)
digitization of land records, (2) distribution of software, (3) linkage with Aadhaar, and (4)
digitization of land ownership changes, as well as the date of last update. Our analysis
focuses on the first objective, the digitization of land records.

The website reports a single date on which the record was last updated rather than
a separate completion date for each objective. A subdistrict that completed objective (1)
in May 2014 but its final objective in September 2016 therefore appears with a recorded
date of September 2016. To ensure that we recover the earliest date for each location, we
scraped the website three times (in July 2020, August 2023, and May 2024). We have also
tracked changes to the website prior to our first data scrape using the Internet Archive
which suggests that our first data scrape captures the first set of data uploaded.

Three features of this procedure give us confidence in the resulting coding. First,
because the website reports only the most recent update, our procedure can assign a
subdistrict a treatment date later than the true date of digitization, but never earlier.
Second, scraping the website at several points means that we can trace the completion
of program objectives through several points in time. By assigning each subdistrict the
earliest date recorded across our three scrapes, we recover digitization dates that a single
scrape would miss. Third, we validate and confirm digitization dates with local land
administration officials against local records during fieldwork in two states, Kerala and
Tamil Nadu.

Any remaining measurement error makes our estimated treatment effects conservative.
If a subdistrict is coded as digitized later than it actually was, periods in which it was
in fact treated are assigned to the pre-treatment window, and some genuinely treated
subdistricts enter the not-yet-treated comparison group. Both push estimated effects
toward zero, so our estimates can be read as a lower bound on the effect of digitization.

A.1 Merging Names
We combine information from two village-level data sources: (i) village boundary shape-
files from the 2011 Census of India, which contain the official Census village codes, and
(ii) DILRMP administrative data, which report the timing of land-record computerization
and related reforms at the village level but do not include these Census codes. We treat
the 2011 Census as the master dataset and the DILRMP data as the merging dataset. We
merge them using state, district, subdistrict, and village names. A key challenge with this
strategy is that village names are not unique at the village level in either source, so a purely
name-based merge can yield multiple candidate matches. To resolve these exact-name
duplicates, we exploit information on the number of households reported in both datasets.
The government DILRMP dataset includes a variable, Total RORs, which we interpret as
the number of Record-of-Rights entries and expect to be closely related to the number of
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households. From the official Census 2011 repository we obtain the number of households
at the village and town levels (97) 29, and we first merge DILRMP and Census records on
names and then refine this merge using the (ranked) household counts.

The Census 2011 town data present an additional complication: for some towns, the
database reports two records for the same town identifier—one for the statutory Municipal
Council alone and another for the combined Municipal Council and its Out Growth (which
is part of the Census urban agglomeration but outside the statutory municipal boundary).
To avoid double counting and ensure consistency with the DILRMP coverage, we retain,
for each town identifier, the record with the larger number of households.

A second challenge is the creation of new districts over the 14-year period covered
by the DILRMP data. We construct a state–district crosswalk that harmonizes district
names between the 2011 Census and the DILRMP dataset. This crosswalk is generated
manually using online documentation and official government sources, including the
Local Government Directory (98). In almost all cases, a district in the government data
maps to a single 2011 Census district. However, a small number of new districts (four in
our data) are carved out of more than one 2011 district. For these districts, we use a 2022
district boundary shapefile to identify the set of 2011 villages that fall within the new
district’s 2022 boundary and then merge the Census and DILRMP data for these villages
using subdistrict and village names. Because there are only a few such cases, we inspect
and finalize these matches manually. This procedure yields a district-level harmonization
that is effectively exact. After these preliminary steps, we use the resulting harmonized
structure to merge the 2024 India list of state, district, subdistrict, and village names with
the 2011 Census master file. We follow the following procedure for the matching:

• We first clean all names by removing non-alphanumeric and other spurious char-
acters from both ends of each string. We then perform an exact merge, using the
number of households rank to break ties when necessary.

• For the remaining observations, we restrict to records with unique combinations of
state, district, and village names and attempt a second exact merge using only these
non-duplicate triplets.

• We then repeat this procedure for the remaining unmatched observations, now using
unique combinations of state and village names.

• Finally, for all observations that are still unmatched, we implement a fuzzy matching
step using the LinkTransformer deep learning model (99), based on subdistrict and
village names only (since districts are already perfectly matched). We retain only
links with a predicted accuracy of at least 90%, which is the threshold at which
manual inspection indicates that most matches are correct.

B Measurement Error in Spatial Data
We use the Collection 6 MODIS Land Cover Type (C6 MLCT) product (100). This remote-
sensing dataset is generated by a Random Forest classifier applied to MODIS Nadir

29The original source is the Census of India Population Finder, available at this link.
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BRDF-Adjusted Reflectance (NBAR), a 16-day composite that reduces view-angle effects
and short-term atmospheric disturbances (e.g., clouds, haze, pollution). As with any
classified satellite product, however, C6 MLCT may still exhibit systematic classification
errors, where certain land-cover classes are consistently confused with others (101, 102).
Our confidence in overcoming these issues relies both on the refinements embedded
in the C6 processing chain and on aggregating data to a higher spatial level. The C6
MLCT algorithm reduces spurious land-use changes by combining prior information with
Random Forest outputs and then applying a hidden Markov model. First, class-conditional
probabilities from the Random Forest are updated using class- and location-specific priors
via Bayes’ rule, returning a refined and more credible posterior classification. Second, a
hidden Markov model uses the full time series of these posteriors to smooth pixel-level
classifications across years, strongly dampening isolated, noisy year-to-year label changes.

Although pixel-level classification changes may still be uncertain, our analysis is
conducted at the Indian subdistrict level. Figure A1 shows the distribution of subdistrict
areas (in logs) and highlights that the median subdistrict is much larger than a single pixel,
at roughly 340 km2—about 1,360 MODIS pixels of 0.25 km2 each. At this level of spatial
aggregation, the C6 MLCT product reliably captures the large-scale land use changes we
study (100). Moreover, any remaining systematic errors that are approximately constant
within subdistricts or years are absorbed by unit and time fixed effects in our econometric
specifications.

Figure A1: Subdistrict Area Distribution

Notes: This figure shows the distribution of the logarithm of subdistricts area (km2). The red
dashed line shows the pixel size of MODIS data.
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Table A1: MODIS MCD12Q1 IGBP Land Cover Classification Legend

Land Cover Class Description
Evergreen Needleleaf Forests Dominated by evergreen conifer trees (canopy >2m).

Tree cover >60%.
Evergreen Broadleaf Forests Dominated by evergreen broadleaf and palmate trees

(canopy >2m). Tree cover >60%.
Deciduous Needleleaf Forests Dominated by deciduous needleleaf (larch) trees

(canopy >2m). Tree cover >60%.
Deciduous Broadleaf Forests Dominated by deciduous broadleaf trees (canopy

>2m). Tree cover >60%.
Mixed Forests Dominated by neither deciduous nor evergreen (40–

60% of each) tree type (canopy >2m). Tree cover
>60%.

Closed Shrublands Dominated by woody perennials (1–2m height) >60%
cover.

Open Shrublands Dominated by woody perennials (1–2m height) 10–
60% cover.

Woody Savannas Tree cover 30–60% (canopy >2m).
Savannas Tree cover 10–30% (canopy >2m).
Grasslands Dominated by herbaceous annuals (<2m).
Permanent Wetlands Permanently inundated lands with 30–60% water

cover and >10% vegetated cover.
Croplands At least 60% of area is cultivated cropland.
Urban and Built-up Lands At least 30% impervious surface area including build-

ing materials, asphalt, and vehicles.
Cropland/Natural Vegetation
Mosaics

Mosaics of small-scale cultivation 40–60% with natu-
ral tree, shrub, or herbaceous vegetation.

Permanent Snow and Ice At least 60% of area is covered by snow and ice for at
least 10 months of the year.

Barren At least 60% of area is non-vegetated barren (sand,
rock, soil) areas with less than 10% vegetation.

Water Bodies At least 60% of area is covered by permanent water
bodies.

Notes: This table presents the International Geosphere-Biosphere Programme (IGBP) land cover
classification scheme used in the MODIS MCD12Q1 product. Source: Friedl & Sulla-Menashe
(103).
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Table A2: IUCN Protected Area Categories from OpenStreetMap

Category Description

Ia – Strict Nature Reserve Strictly set aside to protect biodiversity and also possi-
bly geological or geomorphological features, where hu-
man visitation, use, and impacts are strictly controlled
and limited to ensure protection of conservation val-
ues.

Ib – Wilderness Area Usually large unmodified or slightly modified areas, re-
taining their natural character and influence, without
permanent or significant human habitation, protected
and managed so as to preserve their natural condition.

II – National Park Large natural or near-natural areas set aside to protect
large-scale ecological processes, species, and ecosys-
tems, which also provide a foundation for environ-
mentally and culturally compatible spiritual, scientific,
educational, recreational, and visitor opportunities.

III – Natural Monument or Fea-
ture

Areas set aside to protect a specific natural monument,
which can be a landform, sea mount, submarine cav-
ern, geological feature such as a cave, or even a living
feature such as an ancient grove. Generally quite small
and often with high visitor value.

IV – Habitat/Species Manage-
ment Area

Areas that aim to protect particular species or habitats
and where management reflects this priority. Many
will need regular, active interventions to address the
requirements of particular species or to maintain habi-
tats.

V – Protected Landscape/
Seascape

Areas where the interaction of people and nature over
time has produced a distinct character with significant
ecological, biological, cultural, and scenic value, and
where safeguarding the integrity of this interaction is
vital.

VI – Protected Area with Sustain-
able Use

Areas that conserve ecosystems and habitats together
with associated cultural values and traditional natural
resource management systems. Generally large, with
most of the area in a natural condition and low-level
non-industrial use of natural resources.

Notes: This table shows the IUCN classification information available from the OpenStreetMaps
dataset. Source: (104).
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C Summary Statistics

Table A3: Summary Statistics

Variable N Mean SD Min Max
Subdistrict ID 131208 2982.500 1721.665 1 5964
Year 131208 2011.500 6.344 2001 2022
First Year Program Adoption (Adopters Only) 116820 2016.816 1.897 2012 2023
Treatment 123552 0.266 0.442 0 1
Agriculture Cover 131186 66.876 36.299 0 100
Forest Cover 131186 9.315 21.575 0 100
Ongoing Conflicts (All Sectors) 131208 0.094 0.392 0 11
Protected Areas 131208 1.378 0.485 1 2
Above Median Agriculture Cover 131208 1.469 0.499 1 2
Above Median Forest Cover 131208 1.214 0.410 1 2
Above Median Banks Branches in 2011 131208 1.450 0.497 1 2
Ongoing Conservation and Forestry Conflicts 131208 0.010 0.110 0 4
Ongoing Industry Conflicts 131208 0.009 0.101 0 4
Ongoing Infrastructure Conflicts 131208 0.032 0.235 0 11
Ongoing Land Use Conflicts 131208 0.015 0.133 0 7
Ongoing Mining Conflicts 131208 0.010 0.106 0 3
Ongoing Power Conflicts 131208 0.018 0.137 0 4
Agriculture Cover in 2010 131186 67.983 36.221 0 100
Forest Cover in 2010 131186 9.649 21.998 0 100
Agriculture Cover in 2010 (quintiles) 131208 2.878 1.452 1 5
Forest Cover in 2010 (quintiles) 131208 1.854 1.354 1 5
Agriculture Cover in 2010 (deciles) 131208 5.225 2.984 1 10
Forest Cover in 2010 (deciles) 131208 2.923 2.912 1 10
Evergreen Needleleaf Forests 131186 0.628 3.485 0 47.251
Evergreen Broadleaf Forests 131186 4.475 16.052 0 100
Deciduous Needleleaf Forests 131186 0.000 0.002 0 0.344
Deciduous Broadleaf Forests 131186 2.215 6.651 0 85.866
Mixed Forests 131186 1.997 6.284 0 94.030
Open Shrublands 131186 0.657 5.851 0 99.974
Woody Savannas 131186 3.961 11.151 0 99.052
Savannas 131186 5.534 11.985 0 99.468
Grasslands 131186 6.134 12.194 0 98.351
Permanent Wetlands 131186 0.559 4.140 0 91.032
Urban and Built-up Lands 131186 2.507 10.219 0 100
Cropland/Natural Vegetation Mosaics 131186 2.955 9.385 0 100
Permanent Snow and Ice 131186 0.039 0.578 0 22.339
Barren 131186 0.652 4.698 0 95.684
Water Bodies 131186 0.807 3.703 0 75.342
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D Treatment Rollout Statistics

Figure A2: Treatment Rollout

(a) Year of Treatment Adoption (b) Treatment Groups for 2016 Adoption

(c) Treatment Groups for 2022 Adoption
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E Main Results

Table A4: Effect of Digitization on Land Cover

Agriculture Forest
(1) (2)

Digitization 0.626*** 0.135***
(0.149) (0.044)

Observations 131,186 131,186
Clusters 5,963 5,963
Mean DV 67.983 9.649
Subdistrict FE Y Y
Year FE Y Y

Notes: This table reports the overall ATT of digitization on agricultural and forest cover, each
measured as the share of subdistrict area under that land use, from the doubly robust difference-in-
differences estimator. Comparisons condition on above/below-median baseline cover in 2010, two
years before the program started, with not-yet-treated and never-treated subdistricts as controls.
Standard errors, clustered at the subdistrict level, are in parentheses. We also report the number of
clusters (subdistricts) and the 2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; * p-value
< 0.10.

Table A5: Effects of Digitization on Land Cover across different Specifications

Agriculture Cover Forest Cover

None Terciles Quintiles Deciles None Terciles Quintiles Deciles
(1) (2) (3) (4) (5) (6) (7) (8)

Digitization 0.746*** 0.604*** 0.739*** 0.784*** 0.448*** 0.158*** 0.146*** 0.157***
(0.133) (0.139) (0.175) (0.183) (0.069) (0.040) (0.049) (0.047)

Observations 131186 131186 131186 131186 131186 131186 131186 131186
Clusters 5963 5963 5963 5963 5963 5963 5963 5963
Mean DV 67.983 67.983 67.983 67.983 9.649 9.649 9.649 9.649
Subdistrict FE Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y

Notes: This table reports the overall ATT from the event studies in Figure A3, showing the effect
of digitization on agriculture (columns 1–4) and forest cover (columns 5–8), each measured
as the share of subdistrict area under that land use. Estimates come from the doubly robust
difference-in-differences estimator across four specifications: no conditioning, and conditioning on
terciles, quintiles, and deciles of the baseline outcome in 2010. Not-yet-treated and never-treated
subdistricts serve as controls. Standard errors, clustered at the subdistrict level, are in parentheses.
We also report the number of clusters (subdistricts) and the 2010 outcome mean. *** p-value <
0.01; ** p-value < 0.05; * p-value < 0.10.
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Figure A3: Effect of Digitization on Land Use by Different Specifications

(a) Effect of Digitization on Agricultural Areas

No Controls Terciles Quintiles Deciles

(b) Effect of Digitization on Forest Cover

No Controls Terciles Quintiles Deciles

Notes: This figure shows the effect of digitization on agriculture (Panel (a)) and forest (Panel (b))
cover, each measured as the share of subdistrict area under that land use, across four specifications:
no conditioning, and conditioning on terciles, quintiles, and deciles of the baseline outcome in
2010. Event time is measured in years before and after DILRMP adoption, with zero denoting the
adoption year. Points are event-study aggregations of the cohort-period effects from the doubly
robust difference-in-differences estimator, normalized to the year before adoption, with 95%
confidence intervals, using not-yet-treated and never-treated subdistricts as controls. Each panel
reports the overall ATT, its standard error in parentheses, and the 2010 outcome mean. Standard
errors are clustered at the subdistrict level.
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F Trade-off Analysis

Figure A4: Correlation between Agriculture and Forest Areas in India in 2010

(a) Forest vs agricultural area quantiles at sub-
district level in 2010

(b) Forest vs agricultural area percentages at sub-
district level in 2010

Notes: This figure shows the correlation between forest and agricultural cover in 2010 using
quantile and continuous measures.

Table A6: Trade-offs Between the Effects of Digitization on Agricultural and Forest Cover

Agriculture Cover (0-100%) Forest Cover (0-100%)

Low Agri High Agri Low Agri Low Agri High Agri Low Agri
Low Forest Low Forest High Forest Low Forest Low Forest High Forest

(1) (2) (3) (4) (5) (6)

Digitization 1.799*** 0.162 -0.038 0.064 0.036*** 0.448*
(0.461) (0.110) (0.277) (0.057) (0.013) (0.254)

Observations 41558 61600 28028 41558 61600 28028
Mean DV 55.886 97.006 22.132 1.593 0.224 42.309
Subdistrict FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y

Notes: This table reports the overall ATT of digitization on agricultural cover (columns 1–3) and
forest cover (columns 4–6), each measured as the share of subdistrict area under that land use, from
the doubly robust difference-in-differences estimator. Estimates are reported for three subgroups
classified on 2010 values: low-agriculture, low-forest in columns (1) and (4); high-agriculture, low-
forest in columns (2) and (5); and low-agriculture, high-forest in columns (3) and (6). Comparisons
condition on above/below-median baseline cover in 2010, two years before the program started,
with not-yet-treated and never-treated subdistricts as controls. Standard errors, clustered at the
subdistrict level, are in parentheses. We also report the number of clusters (subdistricts) and the
2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; * p-value < 0.10.
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Figure A5: Trade-off Results Neighbor Analysis

(a) Agricultural Area: Neighbors (b) Forest Cover: Neighbors

Notes: This figure shows ATT estimates by subgroup for the effect of digitization on agricultural
(Panel A5a) and forest cover (Panel A5b), each measured as the share of subdistrict area under
that land use. The sample is restricted to low-agriculture, low-forest subdistricts with at least
one low-agriculture, high-forest neighbor, along with those low-agriculture, high-forest neighbors.
Estimates come from the doubly robust difference-in-differences estimator, with comparisons
conditioning on above/below-median baseline cover in 2010, two years before the program started,
and not-yet-treated and never-treated subdistricts as controls. Standard errors are clustered at the
subdistrict level; 95% confidence intervals are shown.
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Table A7: Effects of Digitization on Land Cover in Neighboring Subdistricts

Agriculture Cover Forest Cover

Low-Low Low-High Low-Low Low-High
(1) (2) (3) (4)

Digitization 4.405*** 1.113 -0.071 0.193
(1.521) (1.289) (0.165) (0.706)

Observations 6886 7964 6886 7964
Clusters 313 362 313 362
Mean DV 54.938 21.422 2.236 39.987
Subdistrict FE Y Y Y Y
Year FE Y Y Y Y

Notes: This table reports the overall ATT of digitization on agriculture (columns 1-2) and forest
cover (columns 3-4), each measured as the share of subdistrict area under that land use, from the
doubly robust difference-in-differences estimator. Comparisons condition on above/below-median
baseline cover in 2010, two years before the program started, with not-yet-treated and never-treated
subdistricts as controls. Standard errors are clustered at the subdistrict level and reported in
parentheses. The sample is restricted to low-agriculture, low-forest subdistricts with at least one
low-agriculture, high-forest neighbor, along with those low-agriculture, high-forest neighbors.
Sample in columns (1) and (3) is comprises the low-agriculture, low-forest subdistricts; columns
(2) and (4) their low-agriculture, high-forest neighbors. We also report the number of clusters
(subdistricts) and the mean of the dependent variable in 2010. The control group sample consists
of never-treated and not-yet-treated subdistricts. *** p-value < 0.01; ** p-value < 0.05; * p-value <
0.10.
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G Mechanisms

Table A8: Mechanism Tests for Digitization’s Effect

Cum. Ongoing Conflicts Agriculture Cover Forest Cover

(1) Below Median Districts Above Median Districts Non Protected Areas All Protected Areas Selected Protected Areas
(2) (3) (4) (5) (6)

Digitization -0.073*** 1.347*** 0.255 0.048 0.313*** 0.357**
(0.015) (0.291) (0.185) (0.062) (0.062) (0.148)

Observations 131208 54362 75724 81576 49610 10384
Subdistricts 5964 2471 3442 3708 2255 472
Mean of DV 0.069 78.960 60.944 7.018 13.976 20.404
Subdistrict FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y

Notes: This table reports the overall ATT of digitization on ongoing conflicts (column 1), agricul-
ture cover (columns 2–3), and forest cover (columns 4–6), from the doubly robust difference-in-
differences estimator. The protected area samples are defined as follows: non-protected areas, all
protected areas, and selected protected areas (categories I, II, and III as classified by the Interna-
tional Union for Conservation of Nature), restricted to those established before 2012. Comparisons
condition on above/below-median baseline values in 2010, two years before the program started,
with not-yet-treated and never-treated subdistricts as controls. Standard errors, clustered at the
subdistrict level, are in parentheses. We also report the number of observations, the number of
unique subdistricts (clusters), and the 2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; *
p-value < 0.10.
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G.1 Conflict

Figure A6: Effect of Digitization on Conflicts by Type

(a) Conservation and Forestry (b) Industry (c) Land Use

(d)Mining (e) Infrastructure (f) Power Use

Notes: The figure shows the dynamic effects of digitization on conflicts by type: conservation and
forestry, industry, land use, mining, infrastructure, and power use. Event time is measured in years
before and after DILRMP adoption, with zero denoting the adoption year. Points are event-study
aggregations of the cohort-period effects from the doubly robust difference-in-differences estimator,
normalized to the year before adoption, with 95% confidence intervals, using not-yet-treated and
never-treated subdistricts as controls. Each panel reports the overall ATT, its standard error in
parentheses, and the 2010 outcome mean. Standard errors are clustered at the subdistrict level.
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Table A9: Effects of Digitization on Ongoing Conflicts by Type

(1) (2) (3) (4) (5) (6)
Conservation Industry Land Mining Infrastruc- Power
& Forestry Use ture

Digitization -0.020*** -0.003 -0.023** -0.008** -0.019** -0.005
(0.005) (0.003) (0.010) (0.004) (0.009) (0.003)

Observations 131208 131208 131208 131208 131208 131208
Clusters 5964 5964 5964 5964 5964 5964
Mean DV 0.006 0.005 0.012 0.007 0.022 0.016
Subdistrict FE Y Y Y Y Y Y
Year FE Y Y Y Y Y Y

Notes: This table reports the overall ATT of digitization on ongoing conflicts by type: conservation
and forestry (1), industry (2), land use (3), mining (4), infrastructure (5), and power (6), from
the doubly robust difference-in-differences estimator. Comparisons condition on above/below-
median baseline values in 2010, two years before the program started, with not-yet-treated and
never-treated subdistricts as controls. Standard errors, clustered at the subdistrict level, are
in parentheses. We also report the number of observations, the number of unique subdistricts
(clusters), and the 2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; * p-value < 0.10.
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G.2 Effects on Alternative Land Use Types

Figure A7: Digitization’s Effect on Other Land Use Categories

(a) Permanent Wetlands (b) Urban and Built-up Lands (c) Permanent Snow and Ice

(d) Barren (e)Water Bodies

Notes: This figure shows the effect of digitization on five land cover categories: permanent wetlands
(Panel a), urban and built-up lands (Panel b), permanent snow and ice (Panel c), barren areas (Panel
d), and water bodies (Panel e), each measured as the share of subdistrict area under that land use.
Event time is measured in years relative to DILRMP adoption, with zero denoting the adoption
year and the prior year omitted as the reference period. Estimates are based on an event-study
specification with subdistrict and year fixed effects, controls for baseline values, and standard
errors clustered at the subdistrict level. The control group consists of never- and not-yet-treated
subdistricts. Each panel reports the average post-treatment effect (ATE), its standard error (in
parentheses), and the 2010 mean of the outcome.
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Table A10: Digitization’s Effect on Other Land Use Categories

Permanent

Wetlands

Urban and

Built-up Lands

Permanent Snow

and Ice
Barren

Water

Bodies

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

Digitization 0.026 0.006 -0.008** -0.010 -0.009
(0.054) (0.004) (0.004) (0.011) (0.006)

Observations 131186 131186 131186 131186 131186
Clusters 5963 5963 5963 5963 5963
Mean DV 0.484 2.498 0.044 0.705 0.811
Subdistrict FE Y Y Y Y Y
Year FE Y Y Y Y Y

Notes: This table reports the overall ATT of digitization on alternative land use categories: per-
manent wetlands (1), urban and built-up lands (2), permanent snow and ice (3), barren (4), and
water bodies (5), each measured as the share of subdistrict area under that land use. Estimates
aggregate the cohort-period effects from the doubly robust difference-in-differences estimator
underlying the event studies in Figure A7, conditioning on above/below-median baseline cover in
2010, with not-yet-treated and never-treated subdistricts as controls. Standard errors, clustered at
the subdistrict level, are in parentheses. We also report the number of observations, the number of
unique subdistricts (clusters), and the 2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; *
p-value < 0.10.

G.3 Savannas and Grasslands Analysis
This section presents the analysis of digitization effects on savannas (woody savannas +
savannas, MODIS layers 8 and 9) and grasslands (MODIS layer 10). These land cover
types represent important categories that may be affected differently by property rights
formalization.
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Table A11: Effect of Digitization on Other Vegetation Covers

Cropland/Natural
Shrublands Savannas Grasslands Vegetation Mosaics

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

Digitization 0.080* -0.452*** -0.375*** -0.200***
(0.043) (0.085) (0.071) (0.052)

Observations 131,186 131,186 131,186 131,186
Clusters 5,963 5,963 5,963 5,963
Mean DV 0.575 8.879 5.827 2.543
Subdistrict FE Y Y Y Y
Year FE Y Y Y Y

Notes: This table reports the overall ATT of digitization on alternative land use categories: shrub-
lands (1), savannas (2), grasslands (3), and cropland or natural vegetation mosaics (4) from the
doubly robust difference-in-differences estimator. Comparisons condition on above/below-median
baseline cover in 2010, two years before the program started, with not-yet-treated and never-treated
subdistricts as controls. Standard errors, clustered at the subdistrict level, are in parentheses. We
also report the number of observations, the number of unique subdistricts (clusters), and the 2010
outcome mean. *** p-value < 0.01; ** p-value < 0.05; * p-value < 0.10.
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Figure A8: Effect of Digitization on Alternative Land Covers

(a) Closed and Open Shrublands (b) Savannas (Woody Savannas + Savannas)

(c) Grasslands (d) Cropland/Natural Vegetation Mosaics

Notes: This figure shows the dynamic effects of digitization on other vegetation covers: shrublands,
savannas, grasslands, and cropland/natural vegetation mosaics. Event time is measured in years
before and after DILRMP adoption, with zero denoting the adoption year. Points are event-study
aggregations of the cohort-period effects from the doubly robust difference-in-differences estimator,
normalized to the year before adoption, with 95% confidence intervals, using not-yet-treated and
never-treated subdistricts as controls. Each figure reports the overall ATT, its standard error in
parentheses, and the 2010 outcome mean. Standard errors are clustered at the subdistrict level.
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Figure A9: Land-Cover Effects by Agriculture-Forest Subgroups (continued on next page)

(a) Shrublands

Low Agri - Low Forest High Agri - Low Forest Low Agri - High Forest

(b) Savannas

Low Agri - Low Forest High Agri - Low Forest Low Agri - High Forest
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Figure A9: (continued)

(c) Grasslands

Low Agri - Low Forest High Agri - Low Forest Low Agri - High Forest

(d) Cropland/Natural Vegetation Mosaics

Low Agri - Low Forest High Agri - Low Forest Low Agri - High Forest

Notes: The figure shows the dynamic effects of digitization on alternative land covers: shrublands
(Panel a), savannas (Panel b), grasslands (Panel c), and cropland/natural vegetation mosaics (Panel
d). Event time is measured in years relative to DILRMP adoption, with zero denoting the adoption
year. Points are event-study aggregations of the cohort-period effects from the doubly robust
difference-in-differences estimator, normalized to the year before adoption, with 95% confidence
intervals. Comparisons condition on above/below-median baseline cover in 2010, with not-yet-
treated and never-treated subdistricts as controls. Each panel reports the overall ATT, its standard
error in parentheses, and the 2010 outcome mean. Standard errors are clustered at the subdistrict
level.
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Table A12: Trade-off of Digitization on Alternative Land Covers

Shrublands Savannas Grasslands Cropland/Natural
Vegetation Mosaics

Low Agri High Agri Low Agri Low Agri High Agri Low Agri Low Agri High Agri Low Agri Low Agri High Agri Low Agri
Low Forest Low Forest High Forest Low Forest Low Forest High Forest Low Forest Low Forest High Forest Low Forest Low Forest High Forest

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

Digitization 0.250* 0.023** -0.012 -0.474* -0.160* -1.305*** -0.537** -0.016 -0.558*** -0.576*** -0.220** -0.165***
(0.150) (0.010) (0.008) (0.265) (0.083) (0.198) (0.217) (0.029) (0.134) (0.154) (0.108) (0.063)

Observations 41,558 61,600 28,028 41,558 61,600 28,028 41,558 61,600 28,028 41,558 61,600 28,028
Mean DV 1.682 0.079 0.023 10.944 0.262 24.757 12.149 0.861 7.370 6.273 0.225 2.107
Subdistrict FE Y Y Y Y Y Y Y Y Y Y Y Y
Year FE Y Y Y Y Y Y Y Y Y Y Y Y

Notes: This table reports the overall ATT of digitization on shrublands (columns 1-3), savannas
(columns 4-6), grasslands (columns 7-9), and cropland or natural vegetation mosaics (columns
10-12) from the doubly robust difference-in-differences estimator. Comparisons condition on
above/below-median baseline cover in 2010, two years before the program started, with not-yet-
treated and never-treated subdistricts as controls. Standard errors, clustered at the subdistrict level,
are in parentheses. We also report the number of observations, the number of unique subdistricts
(clusters), and the 2010 outcome mean. *** p-value < 0.01; ** p-value < 0.05; * p-value < 0.10.
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