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Abstract

While residential schools in North America have long been dismantled, India contin-
ues to expand its own residential school system, with a stated aim of "closing the
gap" in education between Indigenous students and their peers. I provide the first
causal evidence of the effect of enrollment in a residential school on the educational
attainment of Indigenous women in India. Applying triple difference and instrumental
variable strategies to a newly constructed dataset, I find that school exposure reduces
educational attainment by up to four years. The result is driven by disruptions to
family dynamics. Crowding out of day-school options by residential schools, along with
mandatory residence at these schools, forces girls to cancel enrollment to fulfill their
domestic work obligations.



1 Introduction

From the late 19th to mid-20th century, residential schools in the U.S. and Canada aimed to

assimilate Indigenous populations by isolating children from their families, culture, and lan-

guage. These schools exposed Indigenous children to poor nutrition, overcrowding, and cul-

tural suppression, with many suffering abuse and inadequate healthcare (Meriam (1971), Feir

(2016), Feir and Auld (2021)). The Truth and Reconciliation Commission of Canada (2015)

(TRC) concluded that these schools sought to destroy Indigenous cultures, and the discovery

of unmarked graves heightened calls for justice (Feir and Auld (2021), Jones (2021)).

In contrast, India’s 2024 budget allocated 38,800 teachers and INR 63.99 billion (≈

CAD 1.05 billion) for 740 Eklavya Model Residential Schools (EMRS), a 150% year-on-year

increase, to improve education access for the Scheduled Tribes (STs)1. While North American

studies have provided valuable insights into the effects of residential schools, limited evidence

exists on the educational impact of operational residential schools, making India’s case an

important contemporary example. In this paper, I leverage a novel individual-level dataset

to provide the first causal evidence of the impact of EMRS on the educational attainment

of ST women in India.

The EMRS were sanctioned in phases, with central and state governments deciding the

villages and the operational dates in every Integrated Tribal Development Project (ITDP)2

area. These schools, which follow state or central education board curricula, offer compet-

itive admissions with provisions for tribal and first-generation students. Once admitted,

the students reside at the school premises for the entire academic year, with the cost of

1Scheduled Tribes (STs), often referred to as Adivasis, meaning Indigenous peoples or original inhabitants,
are groups recognized and protected by the Indian Constitution. They predominantly reside in remote and
under-served areas and receive special protections and benefits to address their historical, social and economic
marginalization.

2These are contiguous large areas of the size of one or more Development Block in which the ST population
is 50% or more of the total population.
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education and lodging covered by the government. However, estimating the causal effect

of residential schools on education is not straightforward, as unobservable factors, including

test performance, may influence school attendance and educational attainment. This leads

to potentially biased estimates when comparing attendees and non-attendees. I use the stag-

gered opening dates and locations as a source of exogenous variation to estimate the average

treatment effect on the treated.

As a first step, I exploit differences in ST status and the presence of a school in the village

to show that school-eligible ST women report approximately 1.2 fewer years of education

than their ineligible and non-ST counterparts. Since the schools catered to grades VI to XII,

I also consider the effect on the probability of completing secondary education. I find an

approximate 8 percentage point decline in completing secondary education.

However, villages with and without schools may differ systematically, potentially con-

founding the results. To address this, I restrict the analysis to villages with schools, control-

ling for unobservable factors3 that might affect both school establishment and educational

outcomes. Within this restricted sample, I exploit the difference in cohort4 eligibility and

ST status to find that eligible ST cohorts still have 1.4 fewer years of education than their

non-ST and ineligible ST peers. Not surprisingly, there is no impact on the probability of

completing secondary education for the ST women exposed to the residential schools.

These results rely on the assumption that, in the absence of residential schools, the differ-

ence between the educational outcomes of ST and non-ST populations would remain constant

over time. However, it is reasonable to believe that this assumption may not hold. For ex-

ample, ST populations in villages without residential schools may already face lower levels

of education due to geographic isolation or cultural preferences for traditional knowledge,

creating baseline level differences between ST and non-ST groups. Over time, government

3Such as community attitudes toward education or infrastructure quality
4Women belong to the school-eligible cohort if they were of school-going age when the school was oper-

ational in their village
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policies or local economic shocks may disproportionately benefit non-ST populations, and

these pre-existing disparities could further widen, leading to different trends in educational

outcomes even without the schools.

I employ a triple difference approach to address the potential violation of the common-

trend assumption by leveraging cohort eligibility within STs as the third difference. The

first difference compares educational outcomes between STs and non-STs, while the second

compares educational outcomes between villages with and without a school. The third

difference relies on whether an individual’s age places them in the school-going cohort when

the school was operational in their village. This interaction of ST status, school locations,

and cohort eligibility allows me to control for pre-existing differences between ST and non-

ST groups that may have otherwise influenced educational outcomes. For instance, if the

gap between eligible ST and non-ST cohorts widens beyond what pre-exists in the ineligible

cohorts5, it suggests the schools created this gap. The results show that ST women who

lived in villages with operational schools during their school-going years experienced fewer

years of education than non-ST and older peers. Specifically, the eligible ST cohort reported

1.25 fewer years of education.

To further check the robustness of the results, I use an instrumental variable approach.

As schools were predominantly sanctioned in areas with higher ST populations, which tend to

have higher forest cover, as measured by Vegetation Continuous Fields (VCF)6 values, I use

5To identify the causal parameter δ, the difference between the difference of age-eligible ST and non-ST
and age-ineligible ST and non-ST should trend similarly in the absence of schools.

= δ + {(λST=1
1 − λST=1

0 )eligible − (λST=0
1 − λST=0

0 )eligible}

−{(λST=1
1 − λST=1

0 )non−eligible − (λST=0
1 − λST=0

0 )non−eligible}

6The measure for forest cover comes from Vegetation Continuous Fields (VCF), a Moderate Resolution
Imaging Spectroradiometer (MODIS) product that measures tree cover at 250m resolution from 2000 to
2019. VCF is predicted from a machine learning algorithm based on broad-spectrum satellite images and
trained with human-categorized data, which can distinguish between crops, plantations and primary forest
cover.
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this cross-sectional variation in the forest cover as an exogenous variation of school presence.

I interact this variation with cohort eligibility to use as an instrument. The argument is that

the women will have a higher probability of being exposed to the school if they reside in a

village with high VCF and were in the school-going age when the school was functional in

their village.

The findings show a 4-year decline in education for ST women exposed to residential

schools, with average education levels in affected villages also falling by approximately 4

years. The summary statistics illustrate the relative magnitude of the effect. For instance,

eligible ST women in villages with an EMRS average 7.364 years of education. If this 4-year

decline is applied, it represents more than half of their total educational attainment lost due

to exposure, effectively doubling the disadvantage compared to eligible non-ST cohorts, who

average 8.907 years. These estimates assume the instrument affects education solely through

the likelihood of attending a residential school. The results are robust across model speci-

fications, with district fixed effects controlling for time-invariant district characteristics and

state-year fixed effects accounting for state-specific trends. The spatial and temporal varia-

tion introduced by forest cover and cohort eligibility remains intact, ensuring the instrument

isolates the effect of residential school exposure. Placebo tests and alternative channels are

ruled out, reinforcing the validity of the instrumental variable results.

Finally, I provide evidence7 of the underlying mechanism driving the decline in educa-

tional attainment. As students in EMRS must reside at the schools for the entire academic

year, families lose access to their labor for domestic or agricultural tasks, increasing the

household burden. This disruption of family dynamics and the crowding out of day-schooling

options by the residential schools raise the opportunity cost of sending children to EMRS,

leading to ST girls cancelling their enrollment due to their domestic work obligations. While

these schools aim to provide formal education, the findings highlight how such policies can

7Due to data limitations, the estimates are aggregated to the district level.
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unintentionally harm the communities they seek to support when they fail to consider the

socioeconomic realities and cultural norms of tribal communities.

Historically, residential schools have been criticized for their role in the “cultural geno-

cide” of Indigenous populations, as they systematically stripped away the cultural identity of

the children who attended them (Truth and Reconciliation Commission of Canada (2015)).

However, the actual outcomes of residential schools have long been debated. Scholars argue

that the schools left Indigenous populations culturally stranded, uneducated, and impover-

ished (Adams (1995); Milloy (2017)), leading to socioeconomic disparities and deep cultural

scars not limited to loss of traditional practices and family connections (Bombay, Matheson

and Anisman (2014); Bougie and Senécal (2010)). Others suggest that the schools resulted

in higher high school graduation rates, higher per capita income, lower poverty rates, a more

significant proportion of English-only speakers, and smaller family sizes in the present day.

These schools produced a culturally connected and educated elite that later advocated for

Indigenous rights (Reyhner and Eder (2017); Szasz (2006); Glenn (2011); Gregg (2018)).

Feir (2016) finds that neither of these positions fully captures the reality; instead, the

effects of residential schools are more nuanced, with both economic benefits and cultural

losses. Feir (2016) shows that while residential school attendance increased the likelihood of

high school graduation and employment, it also significantly reduced cultural ties, such as

speaking an Aboriginal language at home or participating in traditional activities. Further-

more, Jones (2021) finds that residential school attendance is linked to lower educational

attainment in subsequent generations. This negative association suggests that the trauma

and cultural disconnection caused by these schools have disrupted the typical intergener-

ational transmission of human capital. The findings challenge the narrative that parents’

education positively correlates with their children’s educational attainment (Black, Devereux

and Salvanes (2005); Oreopoulos, Page and Stevens (2006)).

My paper contributes to this literature in two main ways. First, to the best of my
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knowledge, it is the first to study the educational impacts of residential schools in India,

where attendance is voluntary and based on entrance tests, unlike the North American

system, where Indigenous populations were forced to attend. Second, the residential school

system in India is rapidly expanding, and this study focuses on its immediate effects rather

than historical, long-term impacts.

This study contributes to the literature on student aid and educational outcomes( Dy-

narski (2004); Deming and Dynarski (2009); Dynarski and Scott-Clayton (2013)). Jones

(2023) finds that funding cuts reduced completion rates among Indigenous students in the

U.S., especially on reserves where post-secondary education was less accessible. Residential

schools in India offer monetary relief by covering all educational costs, and STs and non-STs

live in the same villages, eliminating geographic barriers tied to reserves. However, STs still

face lower economic returns due to cultural discrimination, suggesting that their outcomes

are driven by socioeconomic marginalization, not geography.

This study also contributes to research on state-backed development missions. EMRS in

India can be seen as a state-led "mission" for assimilation, similar to Catholic missions in

South America (Valencia Caicedo (2019)) and Christian missionary efforts in Africa (Jedwab,

Meier zu Selhausen and Moradi (2022)). While these missions improved human capital,

they often imposed cultural assimilation. Likewise, EMRS, while providing education, risks

pushing tribal communities into a standardized socio-cultural model, potentially disregarding

their unique cultural contexts.

Lastly, this study adds to the large literature on school enrollment and attainment in

developing countries, which has focused on school quality (Banerjee et al. (2007)), gender-

friendly schools (Kazianga et al. (2013)), incentives (Barrera-Osorio et al. (2011)), infras-

tructure (Duflo (2001); Breierova and Duflo (2004)), and scholarships (Kremer, Miguel and

Thornton (2009)). However, there is limited knowledge on the effect of a government-funded

residential school on a minority, more so when that minority is the Indigenous population.
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2 Context and Data

2.1. Context

2.1.1. Scheduled Tribes

India is home to the world’s second-largest Indigenous population, constituting 8.6% of

India’s total population, referred to as Adivasis or original inhabitants. The 705 ethnic

groups classified as Scheduled Tribes (STs) are among the most marginalized communities,

granted special legal protections and benefits. According to Mehta (1953), tribes are de-

fined by kinship, common ancestry, region, and culture, with STs being the least integrated

into mainstream society. These criteria—region, language, economic life, and cultural prac-

tices—determine a tribe’s inclusion in the Schedule.

STs have endured centuries of marginalization, struggling with poverty, unemployment,

illiteracy, and lack of basic amenities. Traditionally involved in subsistence agriculture or

hunting and gathering, their livelihoods have been severely impacted by state oppression and

development projects that displace them, perpetuating a cycle of poverty and violence. One

significant challenge for STs is limited access to education. Article 46 of the Constitution

mandates special attention to the education of ST children, focusing on primary educa-

tion. However, the formal education system often fails to meet the unique needs of tribal

communities.

2.1.2. Eklavya Model Residential Schools (EMRS)

The Eklavya Model Residential School (EMRS) program, launched by the Ministry of

Tribal Affairs, aims to provide quality education to Scheduled Tribe (ST) children in remote

villages. Sanctioned under Article 275(1) of the Constitution, it is funded by the Min-

istry of Tribal Affairs. By August 2024, 728 schools were sanctioned, with 409 functional.

The program gained momentum with the 2010 target to establish an EMRS in every In-
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tegrated Tribal Development Project (ITDP) area and a 2018 directive expanding it to all

sub-districts. As of 2022, 462 new schools were sanctioned in 564 sub-districts identified by

the 2011 census.

EMRS schools can affiliate with State or Central Boards of Secondary Education and

are managed by a Society comprising local, State, and Central Government representatives.

Some states use a public-private partnership (PPP) model involving participation from the

private sector and NGOs. Admission is competitive, with provisions for primitive tribal

groups and first-generation students, ensuring equal seats for girls and boys (up to 60 students

per class). The curriculum focuses on English, Hindi, and the student’s mother tongue,

incorporating tribal culture, tradition, and history. All expenses, including tuition, books,

uniforms, food, and boarding, amount to CAD 700 per child annually. The schools aim to

foster skill development through extracurricular activities.

However, the emphasis on formal education and achieving parity with non-ST populations

may overlook tribal children’s vocational interests and socio-cultural connections. Limited

annual funding and reserved seats for non-tribal students also raise questions about the

program’s alignment with its goals, and the lack of mechanisms to maintain family and

community ties poses a risk to the children’s socio-cultural environment.

2.2. Data

I develop a novel dataset by integrating multiple data sources. The first dataset encompasses

all Eklavya Model Residential Schools (EMRS) sanctioned across India till 2024. This in-

cludes the complete addresses of these schools, covering the state, district, block, and village

locations. I geo-coded these addresses to obtain the exact coordinates of each school. The

second dataset is the National Family Health Survey (NFHS), which provides individual-

level data on education and health across various states and union territories in India. This

dataset includes variables such as years of education, the highest level of education achieved,

income status, malnutrition, anemia, hypertension, HIV, and high blood glucose levels. A
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key feature of this dataset is the use of GPS-based clustering to ensure the anonymity of

villages by randomly displacing their locations within specified limits. In rural areas with

lower population density, clusters are displaced up to 5 kilometres, with 1% of clusters ran-

domly displaced up to 10 kilometres, while ensuring all points remain within the country,

district, and survey region. These GPS coordinates are essential for merging NFHS data

with additional datasets.

Using the EMRS coordinates along with the GPS locations from the NFHS clusters, I

calculated the Haversine8 distance – the angular distance between two points on a sphere –

between the two pairs of coordinates. This calculation helps me precisely map the schools

to the nearest NFHS village clusters. Figure 1 shows the distribution of sanctioned EMRS

and the percentage of the Scheduled Tribe (ST) population in NFHS clusters, demonstrating

that these schools are predominantly located in regions with higher ST concentrations.

The third dataset comprises Forest Cover data for all villages in India, measured as tree

cover at a 250-meter resolution. I geo-coded the ≈ 565, 000 village names to determine their

coordinates and then calculated the Haversine distances between the NFHS clusters and the

village coordinates. I successfully mapped the villages to their respective NFHS clusters by

identifying the shortest distance between each village and cluster. I merge this set with the

NFHS data using the cluster ID, adding the average forest cover for each NFHS cluster.

Figure 2 illustrates the density of forest cover and the percentage of STs in NFHS clusters,

highlighting that ST populations are concentrated in remote, forested areas.

Finally, I combined the NFHS-EMRS-Forest Cover dataset with the NFHS-Covariates

data using NFHS cluster IDs. This integrated dataset provides information on education,

income status, health indicators, school details, and geographical features. To the best of

my knowledge, this is the first such comprehensive dataset. Table I presents the summary

statistics for the variables used in the paper’s main section.

8D(x, y) = 2 arcsin
√

sin2((x1 − y1)/2) + cos(x1), cos(y1), sin2((x2 − y2)/2)
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Table 1: Summary Statistics

Villages with an EMRS
Variable Eligible Cohort (ST) Ineligible Cohort (ST) Eligible Cohort (Non-ST)

Mean Std Dev Mean Std Dev Mean Std Dev
Years of Education 7.364 4.617 3.551 4.551 8.907 4.434
Age 22.591 4.592 39.242 5.366 22.730 4.550
Hindu 0.6765 0.4678 0.6761 0.4680 0.8557 0.3514
Married 0.5364 0.4987 0.8681 0.3384 0.5830 0.4931
Male head of HH 0.8355 0.3707 0.8385 0.3679 0.8580 0.3491
Wealth Index 2.234 1.284 2.253 1.306 3.011 1.399

Villages with no EMRS
Variable Eligible Cohort (ST) Ineligible Cohort (ST) Eligible Cohort (Non-ST)

Mean Std Dev Mean Std Dev Mean Std Dev
Years of Education 7.747 4.505 3.999 4.647 9.184 4.430
Age 22.531 4.667 39.510 5.395 22.396 4.634
Hindu 0.6750 0.4683 0.6555 0.4751 0.8008 0.3993
Married 0.5383 0.4985 0.8852 0.3186 0.5524 0.4972
Male head of HH 0.8447 0.3621 0.8378 0.3685 0.8477 0.3592
Wealth Index 2.429 1.327 2.420 1.335 3.144 1.372

Note: Forest cover is the mean percentage of tree cover detected in the polygon. The wealth index spans
from 0=poorest to 5=richest. The variables Hindu, Married, and Male head of HH are indicators that
equal 1 if the individual is a Hindu, is married, and the head of that HH is a male. An individual belongs
to the eligible cohort if they were of the school-going age when the school was operational in their village.



Figure 1: Overlap of EMRS on the percentage of ST population in the NFHS village clusters.
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Figure 2: Overlap of Forest Cover on the percentage of ST population in the NFHS village clusters.

3 Identification I: Difference-in-Difference

I capitalize on a policy change related to sanctioning government residential schools for

scheduled tribes across villages. Post the 2010 policy modification, every Integrated Tribal

Development Agency (ITDA) with at least 50% Scheduled Tribe (ST) population was man-

dated to establish a residential school. ITDAs encompass at least one district with multiple
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blocks and villages. Although the selection of ITDAs may follow specific criteria, the choice

of villages for sanctioning the schools is arbitrary. Thus, the first difference stems from

whether a residential school was in the village. Considering that these schools exclusively

cater to scheduled tribes, the second difference arises from the individual’s ST status. Even if

a village has a residential school, eligible children from non-ST groups would not be exposed

to the policy. The third difference emerges from cohort eligibility within the scheduled tribe,

depending on whether an individual’s age fell within the school-going age bracket when the

school became operational in the village. Consequently, I can compare outcomes between

eligible women attending these schools and those residing in the same village, belonging to

a Scheduled Tribe, but not exposed to the policy due to age constraints.

The baseline difference-in-difference equation is:

Y ears Educationiv = β0 + β1STi + β2Schoolv + β3STi × Schoolv + ϵiv (1)

where Y ears Educationiv corresponds to the years of education of individual i, in village

v. ST is 1 if the individual belongs to a scheduled tribe, and Schoolv takes the value 1

if the village has a residential school. ϵiv is the idiosyncratic error term which satisfies

E(ϵiv|i, v) = 0. The conditional mean function E(Y ears Educationiv|i, v) takes on four

possible values. The parameter of interest is β3, which is calculated as the difference between

the potential outcomes as below:

[E(Y ears Educationiv|ST = 1, Schoolv = 1)− E(Y ears Educationiv|ST = 1, Schoolv = 0)]

(2)

[E(Y ears Educationiv|ST = 0, Schoolv = 1)− E(Y ears Educationiv|ST = 0, Schoolv = 0)]

(3)
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The difference in potential outcomes between a village having a school or not is given

by the difference in equation (2). The difference in the potential outcomes for an individual

belonging to a scheduled tribe compared to their non-ST counterpart is given by the difference

in equation (3). The difference of these differences:

[E(Y ears Educationiv|ST = 1, Schoolv = 1)− E(Y ears Educationiv|ST = 1, Schoolv = 0)]

−[E(Y ears Educationiv|ST = 0, Schoolv = 1)− E(Y ears Educationiv|ST = 0, Schoolv = 0)]

= β3 + [E(ϵiv|ST = 1, Schoolv = 1)−E(ϵiv|ST = 1, Schoolv = 0)]

−[E(ϵiv|ST = 0, Schoolv = 1)− E(ϵiv|ST = 0, Schoolv = 0)]

(4)

To isolate the causal impact, we need some assumptions. One, the error terms are inde-

pendent of the treatment. This implies that the unobserved factors affecting the outcome

are not systematically related to whether an individual is in the treatment or control group.

Two, the error terms follow a similar distribution for both groups, ensuring that any random

fluctuations or shocks in the error terms affect both groups similarly over time. If the error

terms are independent of the treatment and follow a similar distribution in both groups, the

term added to β3 will average out to zero, leaving β3 as the causal impact on the years of

education of an individual belonging to a scheduled tribe and residing in a village with a

residential school.

Equation (1) captures the differential impact of residential schools on the educational

outcomes of the ST compared to the non-ST. It takes the difference of the difference in

potential outcomes of ST between a village having a school or not, and the difference in

potential outcomes between ST and non-ST in villages with a school. However, the validity

can be a concern if residential schools have within-village spillovers from non-ST to ST
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students. Or if villages with residential schools have different underlying socioeconomic

conditions. This means ST students in villages with schools would have trended differently

from ST students in villages without schools, regardless of the presence of residential schools.

Therefore, the identification assumes that the difference between the ST and non-ST would

have remained constant over time without the treatment. In other words, the ST and non-ST

would have experienced the same time trend in education without the schools. To study the

plausibility of this assumption empirically, Figure 3 shows the result of an event study. The

policy does not affect the cohorts not exposed to it. The coefficients are negative for women

born in 19939 and later. This shows that the presence of schools impacted the outcomes of

women eligible to attend the schools.

Recall the three sources of differences: the presence of a residential school in a village,

the tribal status of children, and cohort eligibility within the scheduled tribe, contingent on

an individual’s age falling within the school-going bracket when the school was operational.

I use cohort eligibility to add a third dimension and compare eligible ST students to eligible

non-ST and non-eligible ST and non-ST students. Cohort eligibility further randomizes the

exposure to treatment based on the individual’s age when the school was operational. By

including interaction terms that compare the educational outcomes of different groups (ST

vs. non-ST, eligible vs. non-eligible) across villages with and without schools, the approach

addresses the issue that villages with residential schools might have different socioeconomic

characteristics that could affect educational outcomes. The baseline equation is:

Y ears Educationigv = β0 + β1STi + β2Eligibleg + β3Schoolv + β4STi × Eligibleg

+ β5Eligibleg × Schoolv + β6Schoolv × STi

+ β7STi × Eligibleg × Schoolv + ϵigv

(5)

9An individual belongs to a school-going age cohort if their age in 2021, the last year of the data, is 29
or less. This means the age of the individual exposed to the earliest school would be 18 years when it was
functional. So, 1993 is the earliest birth year exposed to the schools.
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Figure 3: The impact on years of education is negative for women born in 1993 or later. Anyone born in
1993 would be 18 when the earliest school was sanctioned. They would have been exposed for at least 1
year. 1993 is the base year

where Y ears Educationigv corresponds to the years of education for individual i, belong-

ing to cohort g ∈ {School − Age,Non − School − Age}, in village v. Eligibleg is 1 if the

individual belongs to the school-age cohort, STi is 1 if the individual belongs to a scheduled

tribe, and Schoolv is 1 if the village has a school. β7 captures the effect of residential schools

on the years of education of eligible ST students compared to other students in the same

village or villages without schools.

4 Results I: Difference-in-Difference

Table 1(a) shows the impact of the schools on educational attainment by comparing ST and

non-ST women of school-going age across villages. The coefficient for the interaction term

ST × School in column (6) is -1.199, indicating that eligible ST women who were exposed to
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the school experienced a reduction of approximately 1.2 years of education compared to their

eligible non-ST peers. Since EMRS is for grades VI to XII, I additionally consider the impact

of the school on the probability of completing secondary education. Table 1(b) presents the

results. The eligible ST cohort reports a decline in completing secondary education by almost

8 percentage points.

Table 2(a) presents the results from the difference-in-difference analysis for villages with a

residential school. The analysis reveals a significant and adverse effect of EMRS exposure on

the educational outcomes of these women. Specifically, the coefficient for the interaction term

ST × Eligible is -1.424, which implies that ST women in villages with a school experience

a reduction of approximately 1.4 education years compared to their non-ST counterparts in

villages with a school. Table 2(b) presents the results for completing secondary education.

Although the results are insignificant, ST women report a decline of 7.2 percentage points

in completing secondary education.

Table 1(a): Education: Eligible ST vs Eligible Non-ST

Dependent Variable: Years of Education

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

ST × School -1.241** -1.134** -1.253** -1.280** -1.120** -1.199***
(0.5860) (0.0623) (0.5419) (0.5526) (0.4627) (0.4489)

Observations 2,942 2,942 2,941 2,941 2,941 2,941
R-squared 0.0547 0.1154 0.1675 0.2891 0.3338 0.4175

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is years of education. The estimation controls for state-year and district-
fixed effects. Controls include religion, marital status, gender of the household head, and years of ed-
ucation. Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05;
***p<.01.

Table 3(a) presents the results from the triple difference estimation. Comparing the
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Table 1(b): Education: Eligible ST vs Eligible Non-ST

Dependent Variable: Completing Secondary Education

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

ST × School -0.0322 -0.0321 -0.0448 -0.0711 -0.0563 -0.0785*
(0.0454) (0.0433) (0.0396) (0.0486) (0.0366) (0.0448)

Observations 2,941 2,941 2,941 2,941 2,941 2,941
R-squared 0.0214 0.0435 0.0886 0.1764 0.1965 0.2670

Year FE - ✓ - - - -
State FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is an indicator which equals 1 if the individual completes secondary
education. Estimation controls for state-year and district-fixed effects. Controls include religion,
marital status, gender of the household head, and income status. Standard errors are clustered at the
village level and shown in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01.

outcomes of ST women who were of school-going age when the school was operational in

their village with those who were either too old or too young at the time of the school’s

opening and resided in a village without a school helps to further isolate the causal impact of

the school on the educational outcomes of STs. The coefficient for the triple interaction term

ST × School × Eligible is -1.248, indicating a significant and negative impact of the EMRS

policy on the educational attainment of the targeted ST population. Specifically, this result

suggests that ST women eligible to attend an EMRS during their school years completed

approximately 1.24 fewer years of education than their non-ST and non-eligible counterparts

in villages without the school. Table 3(b) reports the results for completing secondary

education. As before, although insignificant, ST women eligible to attend an EMRS during

their school years report a 3.4 percentage point decline in completing secondary education.

The magnitude of this effect is particularly concerning, given that the primary objective

of the EMRS policy was to enhance educational opportunities for marginalized tribal popu-

lations. The robustness of this finding across various model specifications—including those
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that control for state-year and district-fixed effects—indicates that a residential school in a

village is strongly associated with diminished educational attainment among the ST popula-

tion. Contrary to its intended purpose, the significant decrease in years of education among

those directly exposed to the policy indicates a profound disconnection between the policy’s

objectives and actual outcomes. The negative educational impact mirrors the educational

disadvantages in the Canadian and North American context. Focusing on the long-term

impacts, Feir (2016) and Jones (2021) also show that Indigenous children who attended res-

idential schools often emerged with lower educational attainment than their peers who did

not attend such schools. This consistent outcome across different cultural and policy con-

texts illustrates a recurring pattern: residential school systems, whether in North America

or India, by removing students from their cultural and social environments and imposing

a one-size-fits-all approach to education, are fundamentally misaligned with the needs and

values of Indigenous populations, resulting in significant educational setbacks for Indigenous

populations.

Table 2(a): Education: ST vs Non-ST (Villages with a school)

Dependent Variable: Years of Education

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

ST × School 0.6466 0.4017 -0.3521 -0.5625 -0.9675** -1.424***
(0.4940) (0.4885) (0.4817) (0.5382) (0.4601) (0.5181)

Observations 1,926 1,926 1,913 1,913 1,350 1,350
R-squared 0.1393 0.2124 0.3113 0.4767 0.4972 0.5947

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is years of education. The estimation controls for state-year and district-
fixed effects. Controls include religion, marital status, gender of the household head, and years of educa-
tion. Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 2(b): Completing Secondary Education: Eligible ST vs Eligible Non-ST

Dependent Variable: Completing Secondary Education

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

ST × Eligible -0.0414 -0.0345 -0.0517 -0.0500 -0.0633 -0.0726
(0.0225) (0.0404) (0.0420) (0.0451) (0.0410) (0.0461)

Observations 1,826 1,826 1,913 1,913 1,350 1,350
R-squared 0.0404 0.0717 0.1657 0.3236 0.2600 0.3494

Year FE - ✓ - - - -
State FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is an indicator which equals 1 if the individual completes secondary
education. Estimation controls for state-year and district-fixed effects. Controls include religion,
marital status, gender of the household head, and income status. Standard errors are clustered at
the village level and shown in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01.

Table 3(a): Education: Triple Difference

Dependent Variable: Years of Education

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

ST × School × Eligible -0.0950 -0.1462 -0.3913 -0.6477 -0.9559* -1.248**
(0.6006) (0.5816) (0.5493) (0.5643) (0.5367) (0.5409)

Observations 8,310 8,310 8,305 8,305 7,042 7,042
R-squared 0.1239 0.1994 0.2488 0.3287 0.4110 0.4658

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. Estimation controls for state-year
and district-fixed effects. Controls include religion, marital status, gender of the household head, and
income status. Standard errors are clustered at the village level and shown in brackets. * p < 0.1,
** p < 0.05, *** p < 0.01.



Table 3(b): Completing Secondary Education: Triple Difference

Dependent Variable: Completing Secondary Education

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

ST × Eligible× School 0.0320 0.0317 0.0117 0.0059 -0.0230 -0.0341
(0.0458) (0.0448) (0.0403) (0.0429) (0.0399) (0.0424)

Observations 8,310 8,310 8,305 8,305 7,042 7,042
R-squared 0.0404 0.0573 0.1058 0.1608 0.1800 0.2144

Year FE - ✓ - - - -
State FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is an indicator which equals 1 if the individual completes secondary
education. Estimation controls for state-year and district-fixed effects. Controls include religion,
marital status, gender of the household head, and income status. Standard errors are clustered at
the village level and shown in brackets. * p < 0.1, ** p < 0.05, *** p < 0.01.

5 Identification II: Instrumental Variable

There are a few concerns while studying the impact of residential schools on educational

outcomes. Consider the causal equation :

Y ears Educationiv = γ0 + γ1School Exposurev + γ2Xiv + ϵiv

where Y ears Educationiv correspond to the years of education of individual i in village v,

School Exposurev is 1 if the village v has a school, and Xiv are the controls. One concern

is the potential for reverse causality. The level of education might be influenced by the

presence of schools in a village, and the sanctioning of additional schools in that village is

contingent on the average years of education within the community. Another concern is

the selection on unobservables, meaning some unobserved factors affect both the selection

into treatment and the potential outcomes. In the present context, for example, unobserv-

able factors might include parental motivation, community attitudes toward education, or
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the inherent abilities of the students10. So, we have reasons to abandon the assumptions

[Y0, Y1 ⊥ D | X] and E[u | X,D] = 0, where Y0, Y1 are the potential outcomes, D is the

treatment indicator, X are the observable characteristics and u are the unobservables.

To reduce the impact of unobservables11, instead of using a broad instrument like the

forest cover in isolation, I use the interaction of cohort eligibility and the forest cover as

an instrumental variable for the presence of a school and, consequently, school exposure.

Residential schools are specifically designated for STs who predominantly inhabit secluded,

hilly, and forested regions. Consequently, schools are strategically established in remote and

rugged areas inhabited mainly by the STs, exposing them to the treatment. If such school

placement is followed, it ensures that the density of forest cover captures the exogenous

variation in school exposure.

I define the instrument as Zivt = Forest Coverv×Postit; where Postit is an indicator that

equals 1 if the ST individual was in the school going age when the school was operational in

the village, and Forest Coverv is an indicator that equals 1 if the forest cover of the village

is more than the average. I consider the following setup with Zivt as the instrument :

Causal Equation :

Y ears Educationivt = δ0 + δ1School Exposureivt + ϵivt

First Stage :

School Exposureivt = γ0 + γ1Postit + γ2Forest Coverv + γ3Zivt + ϵivt

10Since the students were admitted based on their performance in the entrance tests.
11I provide further evidence in section 8.
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Reduced Form :

Y ears Educationivt = β0 + β1Postit + β2Forest Coverv + β3Zivt + ϵivt

The parameter of interest, δ1, can be calculated as the ratio of reduced form and first stage

coefficients. The first-stage and reduced form coefficients can be calculated by the first-

differenced regressions of Yiv1 − Yiv0 and Siv1 − Siv0 on Zivt

γIV =
E[Yiv1 − Yiv0 | Zivt = 1]− E[Yiv1 − Yiv0 | Zivt = 0]

E[Siv1 − Siv0 | Zivt = 1]− E[Siv1 − Siv0 | Zivt = 0]
. (6)

where Yivt is the years of education, Sivt is the exposure to the schools, and Zivt is the instru-

ment. Figure 3 plots the sanctioned EMRS schools on the density of forest cover. Regions

with thicker covers received more schools, confirming that the forest cover is correlated with

the causal endogenous variable of interest. For the instrument to be valid, it should satisfy

the exclusion restriction:

Cov(Zivt, ϵivt) = 0

implying that the instrument is uncorrelated to any other determinants of the years of

education.
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Figure 4: Overlap of EMRS on the Forest Cover of villages across India.

While forest cover in isolation may affect factors that also impact the years of education,
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it can be argued that the interaction of forest cover with cohort eligibility ensures that the

instrument affects the years of education only through the residential schools. In section 8, I

consider other potential channels through which forest cover and eligibility might affect the

outcomes and provide evidence against their effect. Finally, the assumption of parallel trends

should be satisfied. The growth paths of outcomes and treatment are independent of the

assignment of the instrument. This means that the way the instrument influences who gets

treated should not affect the outcome trends of the groups before the treatment is applied. So,

the difference in years of education of the two groups in our setting - Eligible, Not− Eligible

- should not be affected in regions with less than average forest cover.

6 Results II: Instrumental Variable

The first stage of tables 4(a) and 4(b) presents the relationship between the interaction of

forest cover and cohort eligibility as an instrument for school exposure. The interaction

term Forest Cover × Post coefficients are consistently positive and statistically significant

across specifications. Column (6) is the column of interest, as it includes the controls and

the state-year and district-fixed effects. These estimates suggest that eligible cohorts in

districts with higher forest cover are more likely to be exposed to the residential schools.

The Cragg-Donald Wald F statistic is greater than 10, implying that the instrument used is

not weak.

The IV estimates in Table 4(a) highlight the impact of school exposure on years of ed-

ucation. The coefficients on Years of Education are negative across all models. Including

controls, state-year, and district fixed effects does not substantially alter the magnitude of

these coefficients, suggesting a robust negative impact of school exposure on education. Fo-

cusing on column (6), the estimate of -4.145 suggests that increased exposure to schools

in forested districts significantly reduces the years of education of the affected cohorts by
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almost 4 years. Table 4(b) shows the results for completing secondary education. Although

statistically insignificant, there is a signal that the probability of completing secondary edu-

cation declined by almost 12 percentage points. This supplements the evidence on declining

years of education and confirms that due to the decline in years of education, ST women

exposed to the school were unable to complete their secondary education.

The results in Tables 4(a) and 4(b) consider all districts. I narrowed the sample and

focused only on districts with at least one residential school. By restricting the analysis to

districts with residential schools, I aim to eliminate the noise that might come from includ-

ing all districts, as the variation in outcomes could be driven by factors unrelated to the

presence of residential schools. Furthermore, if students in non-school districts are funda-

mentally different from those in school districts, different characteristics would influence the

establishment of schools and educational outcomes. By focusing on districts with residen-

tial schools, I reduce the selection bias that might occur. Table 5(a) presents these results.

As before, the estimates for the instrument are positive and statistically significant across

specifications. The Cragg-Donald Wald F statistic greater than 10 again ensures that the

instrument is not weak. The IV estimates in column (6) suggest approximately 4 fewer years

of education for the eligible cohort in heavily forested regions. Table 5(b) shows the results

for completing secondary education. Again, although statistically insignificant, the proba-

bility of completing secondary education declined by almost 12 percentage points. This also

shows that due to the decline in years of education, ST women exposed to the school were

unable to complete their secondary education.

Lastly, I consider the impact of these schools on the average village-level education.

These schools were sanctioned at the village level. If the village-level factors fed into the

sanctioning decision, it is safe to assume that the policy’s impact evaluation would also be

based on village-level statistics. Additionally, the presence of a residential school might not

only affect those directly exposed but also indirectly influence peers, families, or community
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28Table 4(a): Education: All Districts

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7550*** -0.0277 -0.0251 -0.0463 -0.0175 -0.0682**
(0.0463) (0.0499) (0.0496) (0.0325) (0.0539) (0.0325)

Forest Cover 0.7540*** -0.0312 -0.0289 0.0184 -0.0467 -0.0018
(0.0537) (0.0642) (0.0634) (0.0767) (0.0719) (0.0871)

Forest Cover × Post -0.6977*** 0.0694 0.0638 0.1488*** 0.1062 0.1753***
(0.0747) (0.0727) (0.0721) (0.0548) (0.0789) (0.0565)

Cragg-Donald Wald F statistic 1651.402 2.717 2.196 29.160 6.239 36.038
IV Estimation Dep. Variable: Years of Education

(1) (2) (3) (4) (5) (6)
School 6.035*** -4.036 -2.434 -4.907 -5.051 -4.145**

(0.3561) (9.499) (9.598) (3.264) (4.235) (2.084)

Observations 4,231 4,231 4,209 4,209 3,604 3,604

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is years of education. The interaction of the forest cover and cohort eligibility is the
instrument. The estimation controls for state-year and district-fixed effects. Controls include income status, marital
status, religion, the gender of the household head, and ST status. Standard errors are clustered at the village level and
shown in brackets. *p<.10; **p<.05; ***p<.01.

Table 4(b): Completing Secondary Education: All Districts

First Stage : School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7550*** -0.0277 -0.0251 -0.0463 -0.0175 -0.0682**
(0.0463) (0.0499) (0.0496) (0.0325) (0.0539) (0.0325)

Forest Cover 0.7540*** -0.0312 -0.0289 0.0184 -0.0467 0.0018
(0.0537) (0.0642) (0.0634) (0.0767) (0.0719) (0.0871)

Forest Cover × Post -0.6977*** 0.0694 0.0638 0.1488*** 0.1062 0.1753***
(0.0747) (0.0727) (0.0721) (0.0548) (0.0789) (0.0565)

Cragg-Donald Wald F statistic 1651.402 2.717 2.196 29.160 6.239 36.038

IV Estimation Dep. Variable : Completing Secondary Education

(1) (2) (3) (4) (5) (6)
School 0.0748*** 0.6637 0.7807 0.1054 0.3045 0.1219

(0.0085) (0.7379) (0.9178) (0.1127) (0.2137) (0.0906)

Observations 4,231 4,231 4,209 4,209 3,604 3,604

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is an indicator which equals 1 if the individual completes secondary education. The
interaction of the forest cover and cohort eligibility is the instrument. The estimation controls for state-year and district-
fixed effects. Controls include income status, marital status, religion, the gender of the household head, and ST status.
Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 5(a): Education: Districts with a Residential School

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.8059*** -0.0746 -0.0739* -0.0478 -0.0911* -0.0736**
(0.0449) (0.0464) (0.0457) (0.0339) (0.0486) (0.0342)

Forest Cover 0.8084*** -0.0747 -0.0738 0.0165 -0.1088* -0.0068
(0.0502) (0.0599) (0.0592) (0.0767) (0.0656) (0.0874)

Forest Cover × Post -0.7489*** 0.1355** 0.1359** 0.1522*** 0.1967*** 0.1840***
(0.0677) (0.0662) (0.0656) (0.0564) (0.0711) (0.0586)

Cragg-Donald Wald F statistic 1751.413 12.760 12.286 26.949 20.492 33.580

IV Estimation Dep. Variable: Years of Education

(1) (2) (3) (4) (5) (6)
School 5.675*** 11.924 12.945 -5.035 1.762 -4.177**

(0.3287) (7.644) (7.989) (3.286) (2.330) (2.051)

Observations 3,860 3,862 3,844 3,844 3,238 3,238
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is years of education. The interaction of the forest cover and cohort eligibility is the
instrument. The estimation controls for state-year and district-fixed effects. Controls include income status, marital
status, religion, the gender of the household head, and ST status. Standard errors are clustered at the village level and
shown in brackets. *p<.10; **p<.05; ***p<.01.

Table 5(b): Completing Secondary Education: Districts with a Residential School

First Stage : School Exposure (1) (2) (3) (4) (5) (6)

Post 0.8059*** -0.0772* -0.0764* -0.0487 -0.0950** -0.0750
(0.0451) (0.0464) (0.0455) (0.0341) (0.0477) (0.0344)

Forest Cover 0.8074*** -0.0776 -0.0771 0.0115 -0.1130* -0.0092
(0.0505) (0.0596) (0.0590) (0.0765) (0.0653) (0.0873)

Forest Cover × Post -0.7458*** 0.1418** 0.1426** 0.1560*** 0.2063** 0.1871***
(0.0678) (0.0659) (0.0654) (0.0562) (0.0706) (0.0584)

Cragg-Donald Wald F statistic 1751.467 13.916 13.451 27.127 22.536 34.365

IV Estimation Dep. Variable : Completing Secondary Education

(1) (2) (3) (4) (5) (6)
School 0.0714*** 0.7158* 1.914 0.0986 0.2837** 0.1197

(0.0084) (0.3876) (0.3966) (0.1124) (0.1411) (0.0897)

Observations 3,858 3,858 3,840 3,840 3,238 3,238
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is an indicator which equals 1 if the individual completes secondary education. The
interaction of the forest cover and cohort eligibility is the instrument. The estimation controls for state-year and district-
fixed effects. Controls include income status, marital status, religion, the gender of the household head, and ST status.
Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 6(a): Average Education: Village Level

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7550*** -0.0104 -0.0277 -0.0503 -0.0251 -0.0463
(0.0463) (0.0546) (0.0499) (0.0332) (0.0496) (0.0325)

Forest Cover 0.7540*** -0.0092 -0.0312 0.0182 -0.0289 0.0184
(0.0537) (0.0698) (0.0642) (0.0772) (0.0634) (0.0767)

Forest Cover × Post -0.6977*** 0.0660 0.0694 0.1504*** 0.0638 0.1488***
(0.0747) (0.0800) (0.0727) (0.0554) (0.0721) (0.0648)

Cragg-Donald Wald F statistic 1651.402 2.793 2.717 31.651 2.196 29.160

IV Estimation Dep. Variable: Average Years of Education

(1) (2) (3) (4) (5) (6)
School 7.654*** -3.392 -2.994 -3.835 -3.519 -3.824

(0.3895) (7.430) (7.300) (2.450) (8.096) (2.438)

Observations 4,231 4,231 4,231 4,231 4,209 4,209
State FE - ✓ ✓ - - -
Year FE - - ✓ - - -
State-Year FE - - - - ✓ ✓
District FE - - - ✓ - ✓

Notes: The dependent variable is the average years of education. The interaction of forest cover and cohort eligibility
is the instrument. The estimation controls for state-year and district-fixed effects. Standard errors are clustered at the
village level and shown in brackets. *p<.10; **p<.05; ***p<.01.

Table 6(b): Average Completion of Secondary Education: Village Level

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7550*** -0.0104 -0.0277 -0.0503 -0.0251 -0.0463
(0.0463) (0.0546) (0.0499) (0.0332) (0.0496) (0.0325)

Forest Cover 0.7540*** -0.0092 -0.0312 0.0182 -0.0289 0.0184
(0.0537) (0.0698) (0.0642) (0.0772) (0.0634) (0.0767)

Forest Cover × Post -0.6977*** 0.0660 0.0694 0.1504*** 0.0638 0.1488***
(0.0747) (0.0800) (0.0727) (0.0554) (0.0721) (0.0648)

Cragg-Donald Wald F statistic 1651.402 2.793 2.717 31.651 2.196 29.160

IV Estimation Dep. Variable: Average Completion of Secondary Education

(1) (2) (3) (4) (5) (6)
School 0.0994*** 0.2086 0.2258 -0.0136 0.2081 -0.0293

(0.0089) (0.3279) (0.3395) (0.0845) (0.3542) (0.0840)

Observations 4,231 4,231 4,231 4,231 4,209 4,209
State FE - ✓ ✓ - - -
Year FE - - ✓ - - -
State-Year FE - - - - ✓ ✓
District FE - - - ✓ - ✓

Notes: The dependent variable is the village average of an indicator, which equals 1 if the individual completes secondary
education. The interaction of forest cover and cohort eligibility is the instrument. The estimation controls for state-year and
district-fixed effects. Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.



attitudes toward education. Village-level analysis would help capture these community-wide

effects. Table 6(a) presents the village-level results for years of education. The estimates,

although statistically insignificant, show a decline in the average years of education by almost

4 years, mirroring the individual-level findings. A robust first stage, suggesting that the

instrument is not weak, persists. The village- and individual-level estimates complement each

other, providing a comprehensive view of how residential school exposure affects educational

outcomes. Table 6(b) presents the results for the average secondary school completion at

the village level. A statistically insignificant result supports the idea that women exposed

to the residential school reported a decline in years of education and were, therefore, unable

to complete their secondary education.

7 Robustness

7.1. Difference-in-Difference

In this subsection, I provide evidence to support the robustness of the difference-in-difference

and triple difference estimates. An identifying assumption of this approach is the parallel

trend assumption. For an unbiased estimate, the average difference between the treated

and control groups would remain constant over time without treatment. This translates to

having the treatment effects close to or equal to 0 for the pre-treatment period. Figure 3

plots the impact on the years of education of attending the residential schools. The cohorts

not eligible to attend the school show no impact as they were beyond the school-going years,

supporting the assumption of parallel trends.

Another concern is whether the estimates truly identify the causal impact or whether

we estimate the effect by chance, which some other factors may drive. One way to check

is to apply the methodology to the group not exposed to the treatment. If we find any

statistically significant estimates, we can assume that other factors drive the results. I do
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this in two ways. First, I run equation (1) for the ineligible cohort - women who have passed

the school-going age. It is difficult to think of why these women would be exposed to the

treatment. Second, I consider the villages without any residential schools. These villages

were not treated, so the years of education should not be impacted. To test this, following

Roth et al. (2023), I randomly assign placebo schools to these villages and run equations

(1) and (5) with these placebo schools. Third, the non-ST women were not exposed to the

treatment either. So, I compare the years of education of eligible and ineligible non-ST

cohorts in villages with a placebo school.

Tables 7 to 11 present the results for the above alternate specifications. None of the groups

or combinations of groups not exposed to the treatment show statistically significant results.

The triple difference estimates in Table 11 for a placebo school also remain insignificant.

These alternate estimates show that the negative impact observed on the years of education

because of the residential schools is, in fact, a robust causal effect.

Table 7: Education: Ineligible Cohort

Dependent Variable: Years of Education

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

ST × School 1.130* -0.9611* -0.8885* -0.5626 -0.2572 0.2593
(0.5868) (0.5384) (0.5159) (0.5147) (0.4312) (0.0951)

Observations 5,449 5,449 5,443 5,443 4,605 4,605
R-squared 0.0392 0.1473 0.1919 0.2815 0.3365 0.4029

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The estimation controls for state-year
and district-fixed effects. Controls include religion, marital status, gender of the household head,
and income status. Standard errors are clustered at the village level and shown in brackets. *p<.10;
**p<.05; ***p<.01.
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Table 8: Education: Ineligible Cohort and Placebo School

Dependent Variable: Years of Education

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

ST × Placebo School -1.025 -1.003 -0.9098 -0.2878 -0.5216 -0.0076
(0.8482) (0.7195) (0.6644) (0.7541) (0.4864) (0.5357)

Observations 4,063 4,063 4,053 4,053 4,053 4,053
R-squared 0.0280 0.1238 0.1893 0.4328 0.4595 0.5550

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The estimation controls for state-year
and district-fixed effects. Controls include religion, marital status, gender of the household head, and
income status. women above 25 years are included. Standard errors are clustered at the village level
and shown in brackets. *p<.10; **p<.05; ***p<.01.

Table 9: Education: Villages with Placebo Schools

Dependent Variable: Years of Education

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

ST × Placebo School -1.112 -0.9061 -0.7790 0.6558 -0.7804 -0.7403
(0.8532) (0.7008) (0.6903) (0.7329) (0.6752) (0.6983)

Observations 1,921 1,921 1,919 1,914 1,403 1,400
R-squared 0.0411 0.1230 0.1918 0.3981 0.3957 0.5179

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The estimation controls for state-year
and district-fixed effects. Controls include religion, marital status, gender of the household head, and
income status. women above 25 years are included. Standard errors are clustered at the village level
and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 10: Education: Age-Eligible Non-ST and Placebo Schools

Dependent Variable: Years of Education

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

Age− Eligible× Placebo School 0.0885 0.0141 -0.2156 -0.1328 0.3438 0.3221
(0.4651) (0.4450) (0.4488) (0.4060) (0.4277) (0.4234)

Observations 4,414 4,414 4,392 4,386 2,966 2,959
R-squared 0.0644 0.1278 0.2071 0.4282 0.4437 0.5194

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The estimation controls for state-year and
district-fixed effects. Controls include religion, marital status, gender of the household head, and income status.
women above 25 years are included. Standard errors are clustered at the village level and shown in brackets.
*p<.10; **p<.05; ***p<.01.

Table 11: Education: Triple Difference (Placebo Schools)

Dependent Variable: Years of Education

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

ST × Eligible× Placebo School -0.0868 0.1380 0.2244 0.0055 -0.7737 -0.8730
(0.7466) (0.7110) (0.7372) (0.7589) (0.7489) (0.7435)

Observations 5,984 5,984 5,975 5,975 4,339 4,339
R-squared 0.0878 0.1680 0.2342 0.4278 0.4606 0.5288

State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The estimation controls for state-year and
district-fixed effects. Controls include religion, marital status, gender of the household head, and income
status. Standard errors are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.



Instrumental Variable

In this subsection, I provide evidence to rule out possible reasons that might violate the

causal identification assumptions of the instrumental variable strategy. I look into the po-

tential indirect channels through which the interaction of cohort eligibility with forest cover

could influence years of education. The assumption here is that the instrument (forest cover

interacted with cohort eligibility) should only affect the dependent variable (years of educa-

tion) through the endogenous variable (exposure to the residential school). The existence of

other channels would violate the instrument’s exclusion restriction and could lead to biased

estimates.

Following Nunn and Qian (2014), I test the link between other geographical charac-

teristics and years of education. If the identification strategy is valid, these geographical

characteristics should not have the same relationship with the sanctioning of schools and,

therefore, years of education as the forest cover. The results of this test are reported in Table

12. Columns (1) to (3) compare the baseline estimates to elevation and terrain ruggedness

for all districts. Columns (4) to (6) show the regional elevation and ruggedness results for

only districts with at least one residential school. The coefficients for the placebo character-

istics suggest no significant relationship between sanctioning schools and years of education.

This means that forest cover is not picking up broader environmental effects.

A violation of the exclusion restriction could occur if areas with denser forest cover

present specific health challenges that impact educational attainment through increased ab-

senteeism. If these health challenges disproportionately affect eligible cohorts, they could

directly influence education outcomes independent of residential school attendance. Follow-

ing Magesan and Swee (2018), I control for several health-related variables in the baseline

model to address this concern. While it is impossible to determine the exact health status

of ST women during their exposure to the schools, the health measures I include are those

that develop over time and could potentially have begun in the early years. Tables 13 and 14
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Table 12: Other Geographical Characteristics

All Districts Districts with a School

First Stage: School Exposure Forest Terrain Elevation Forest Terrain Elevation
Cover Ruggedness Cover Ruggedness
(1) (2) (3) (4) (5) (6)

Post -0.0682 0.0003 -0.0765 -0.0736** 0.0027 -0.0856
(0.0325) (0.0504) (0.0786) (0.0342) (0.0530) (0.0879)

Geographic Characteristic -0.0018 -0.0859 0.0737 -0.0068 -0.0821 0.0696
(0.0871) (0.0752) (0.1051) (0.0874) (0.0760) (0.1040)

Geographic Characteristic × Post 0.1753*** 0.0150 0.0995 0.1840*** 0.0116 0.1081
(0.0565) (0.0621) (0.0851) (0.0586) (0.0655) (0.0945)

Cragg-Donald Wald F statistic 36.038 6.742 15.960 33.580 5.795 14.674

IV Estimation Dep. Variable: Years of Education

School -4.145** -6.130 -0.2917 -4.177** -6.308 -0.9918
(2.084) (7.341) (2.042) (2.051) (1.653) (2.081)

Observations 3,604 3,604 3,604 3,238 3,238 3,238
State-Year FE ✓ ✓ ✓ ✓ ✓ ✓
District FE ✓ ✓ ✓ ✓ ✓ ✓
Controls ✓ ✓ ✓ ✓ ✓ ✓

Notes: The dependent variable is the total years of education. The interaction of the geographic characteristic and cohort
eligibility is the respective instrument. The estimation controls for state-year and district-fixed effects. Controls include income
status, marital status, religion, and the gender of the household head. Standard errors are clustered at the village level and
shown in brackets. *p<.10; **p<.05; ***p<.01.

present the results with these additional controls. Columns (4) and (5) show that including

the health controls does not alter the impact on years of education. This confirms that the

instrument affects the years of education only through the channel of the residential schools.

Next, I test whether the instrument affects educational outcomes before the schools are

sanctioned. Any statistically significant relationship between the years of education and the

instrument for this subpopulation would imply that the interaction of eligibility and forest

cover affects the years of education from some other channel. I report the estimates in Tables

15 and 16. The coefficients remain statistically insignificant across specifications.

I further consider a subpopulation that should not be exposed to the residential schools

— the non-ST women — and therefore should have no impact on their years of education

because of these schools. Tables 17 and 18 show the results. As expected, the residential

schools did not affect the non-ST population. These tests confirm the instrument’s validity.
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Table 13: Education: All Districts

First Stage: School Exposure (1) (2) (3) (4) (5)

Post -0.0251 -0.0503 -0.0463 -0.0682** -0.0679
(0.0496) (0.0332) (0.0325) (0.0325) (0.0321)

Forest Cover -0.0289 0.0182 0.0184 0.0018 0.0010
(0.0634) (0.0772) (0.0767) (0.0871) (0.0869)

Forest Cover × Post 0.0638 0.1504*** 0.1488*** 0.1753*** 0.1742***
(0.0721) (0.0554) (0.0548) (0.0565) (0.0564)

Cragg-Donald Wald F statistic 2.196 31.651 29.160 36.038 35.737

IV Estimation Dep. Variable: Years of Education

School -2.434 -5.516 -4.907 -4.145** -4.301**
(9.598) (3.387) (3.264) (2.084) (2.105)

Abnormal Glucose Level - - - - -1.500
- - - - (1.298)

Stunting - - - - -0.3786
- - - - (0.2692)

Anemia - - - - 0.0052
- - - - (0.2104)

Hemoglobin - - - - -0.1415
- - - - (0.1981)

Hypertension - - - - -0.0212
- - - - (0.0829)

Respiratory Disease - - - - -0.1970
- - - - (0.2141)

Heart Disease - - - - 0.0449
- - - - (0.1852)

Observations 4,209 4,231 4,209 3,604 3,604
State-Year FE ✓ - ✓ ✓ ✓
District FE - ✓ ✓ ✓ ✓
Controls - - - ✓ ✓

Notes: The dependent variable is the total years of education. The interaction of the forest cover and cohort
eligibility is the instrument. The estimation controls for state-year and district-fixed effects. Controls include
ST status, income status, marital status, religion, and the gender of the household head. Standard errors
are clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 14: Education: Districts with a Residential School

First Stage: School Exposure (1) (2) (3) (4) (5)

Post -0.0751* -0.0519 -0.0481 -0.0739 -0.0736**
(0.0457) (0.0350) (0.0339) (0.0344) (0.0340)

Forest Cover -0.0733 0.0156 -0.0157 -0.0077 -0.0069
(0.0589) (0.0774) (0.0767) (0.0874) (0.0871)

Forest Cover × Post 0.1410** 0.1529*** 0.1524*** 0.1842*** 0.1830***
(0.0654) (0.0569) (0.0562) (0.0585) (0.0584)

Cragg-Donald Wald F statistic 13.007 28.622 26.780 33.558 33.226

IV Estimation Dep. Variable: Years of Education

School 11.497 -5.479 -4.870 -4.082** -4.200**
(7.225) (3.404) (3.256) (2.041) (2.054)

Abnormal Glucose Level - - - - -1.399
- - - - (1.313)

Stunting - - - - -0.3050
- - - - (0.2912)

Anemia - - - - 0.0643
- - - - (0.2234)

Hemoglobin - - - - 0.0407
- - - - (0.2118)

Hypertension - - - - -0.0355
- - - - (0.1096)

Respiratory Disease - - - - -0.2146
- - - - (0.2264)

Heart Disease - - - - 0.1816
- - - - (0.1323)

Observations 3,839 3,858 3,839 3,234 3,234
State-Year FE ✓ - ✓ ✓ ✓
District FE - ✓ ✓ ✓ ✓
Controls - - - ✓ ✓

Notes: The dependent variable is the total years of education. The interaction of the forest cover and cohort
eligibility is the instrument. The estimation controls for state-year and district-fixed effects. Controls include
ST status, income status, marital status, religion, and the gender of the household head. Standard errors are
clustered at the village level and shown in brackets. *p<.10; **p<.05; ***p<.01.
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Table 15: Education Before Schools: All Districts

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7606*** -0.0780 -0.0885 0.0703 -0.0986 0.0651
(0.0370) (0.0642) (0.0790) (0.0560) (0.0872) (0.0573)

Forest Cover 0.7865*** 0.0074 0.0021 0.0892 0.0083 0.0801
(0.0409) (0.0529) (0.0528) (0.0673) (0.0564) (0.0720)

Forest Cover × Post -0.7648*** -0.0072 0.0014 0.0011 0.0007 0.0076
(0.0404) (0.0198) (0.0208) (0.0133) (0.0292) (0.0119)

Cragg-Donald Wald F statistic 2317.043 1.088 0.681 15.412 0.855 12.380

IV Estimation Dep. Variable: Years of Education

School 6.986*** -4.213 -1.719 -8.119 0.8116 -7.404
(0.3535) (8.581) (9.938) (6.982) (8.582) (6.464)

Observations 5,898 5,898 5,868 5,868 5,048 5,048
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Table 16: Education Before Schools: Districts with a Residential School

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.8497*** -0.0420 -0.0665 0.0737 -0.0688 -0.0657
(0.0321) (0.0589) (0.0748) (0.0590) (0.0782) (0.0612)

Forest Cover 0.8425*** -0.0011 -0.0084 0.0870 -0.0018 0.0777
(0.0376) (0.0502) (0.0497) (0.0668) (0.0521) (0.0710)

Forest Cover × Post -0.8489*** -0.0045 0.0086 0.0067 0.0057 0.0141
(0.0359) (0.0194) (0.0217) (0.0154) (0.0224) (0.0142)

Cragg-Donald Wald F statistic 2576.071 0.392 0.533 14.373 0.396 11.465

IV Estimation Dep. Variable: Years of Education

School 6.432*** 26.078 24.634 -8.271 2.173 -7.229
(0.3106) (49.577) (44.195) (7.034) (11.506) (6.241)

Observations 5,371 5,371 5,345 5,345 4,528 4,526
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓
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Table 17: Education For Non-ST: All Districts

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.7599*** -0.0501 -0.0889 0.0558 -0.1424 0.0291
(0.0457) (0.0685) (0.0879) (0.0407) (0.1047) (0.0323)

Forest Cover 0.7815*** -0.0008 0.0159 0.0528 -0.0019 -0.0027
(0.0598) (0.0703) (0.0697) (0.0782) (0.0849) (0.0956)

Forest Cover × Post -0.7930*** -0.0297 -0.0467 -0.0297 -0.0512 -0.0254
(0.0592) (0.0435) (0.0433) (0.0261) (0.0495) (0.0225)

Cragg-Donald Wald F statistic 2065.250 1.338 1.628 1.361 3.176 0.802

IV Estimation Dep. Variable: Years of Education

School 9.441*** 21.152 18.525 -5.747 0.9432 16.486
(0.4844) (39.252) (24.083) (12.842) (4.472) (42.014)

Observations 2,949 2,949 2,920 2,920 2,276 2,271
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The interaction of the forest cover and cohort
eligibility is the instrument. The estimation controls for state-year and district-fixed effects. Controls include
income status, marital status, religion, and the gender of the household head. Standard errors are clustered at the
village level and shown in brackets. *p<.10; **p<.05; ***p<.01.

Table 18: Education For Non-ST: Districts with a Residential School

First Stage: School Exposure (1) (2) (3) (4) (5) (6)

Post 0.8878*** 0.0083 0.0094 0.0530 -0.0252 0.0327
(0.0346) (0.0570) (0.0687) (0.0448) (0.0880) (0.0378)

Forest Cover 0.8518*** -0.0490 -0.0300 0.0600 -0.0601 0.0095
(0.0514) (0.0599) (0.0560) (0.0767) (0.0672) (0.0933)

Forest Cover × Post -0.9363*** -0.0240 -0.0472 -0.0370 -0.0685* -0.0361
(0.0484) (0.0376) (0.0374) (0.0291) (0.0415) (0.0270)

Cragg-Donald Wald F statistic 2816.844 8.545 8.398 1.355 17.438 0.753

IV Estimation Dep. Variable: Years of Education

School 8.531*** 11.371 11.846 -5.686 1.352 12.649
(0.3903) (11.806) (11.160) (11.763) (2.605) (27.234)

Observations 2,614 2,614 2,587 2,587 1,941 1,938
State FE - ✓ - - - -
Year FE - ✓ - - - -
State-Year FE - - ✓ ✓ ✓ ✓
District FE - - - ✓ - ✓
Controls - - - - ✓ ✓

Notes: The dependent variable is the total years of education. The interaction of the forest cover and cohort
eligibility is the instrument. The estimation controls for state-year and district-fixed effects. Controls include
income status, marital status, religion, and the gender of the household head. Standard errors are clustered at the
village level and shown in brackets. *p<.10; **p<.05; ***p<.01.



8 Mechanism

In this section, I discuss and provide evidence for the potential underlying mechanism. To

find the reasons for dropping out of school, I use schedule 25.2 of the 75th round of the Na-

tional Sample Survey. This round, conducted by the National Sample Survey Office (NSSO),

includes district-level data on educational attainment and services, including information on

literacy rates, educational levels, types of institutions attended, enrolment status, reasons

for non-attendance, and educational expenditures.

I estimate the following equation to understand why women drop out of school:

Dropout Reasonidt = β0 + β1EMRSdt + β2Xi + γd + ϵidt

where Dropout Reasonidt is the reason individual i in district d dropped out of school,

EMRSdt is an indicator of whether the district has at least one residential school, Xi are

the individual controls, and γd is the district fixed effects. β1 is the coefficient of interest as

the coefficient shows the correlation between the reason for dropout and whether the district

had a residential school.

Table 19 reports the estimates of dropout reasons among women residing in districts

with at least one EMRS. Notably, three key reasons emerge as statistically significant. First,

dropout after completing the desired class increases by 3.81 percentage points, which sug-

gests that after achieving basic educational milestones, students may feel less incentivized

to continue. However, the significant decline in dropouts due to financial reasons, by 20.37

percentage points, indicates the effect of EMRS in alleviating the financial strain on house-

holds. This is expected, given that EMRS covers tuition and related costs, thus reducing

the financial barriers that traditionally lead to school dropouts.

Conversely, there is a notable 27.13 percentage point increase in dropout due to engage-
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ment in domestic activities, which points to a critical mechanism underlying the observed

decline in educational attainment for two reasons. First, the structure of EMRS requires

students to reside in the school for the entire academic year, limiting their ability to assist

with household domestic work. This is particularly true for families who may have relied

on the child to contribute to household chores or income-generating activities. In socio-

economically disadvantaged ST households, the burden on the household increases without

the child’s contribution to daily domestic activities. Thus, the absence of the child increases

the opportunity cost of school enrollment for the household.

Second, if these students had instead enrolled in day schools, they could still contribute

to household activities after school hours, reducing this strain. However, as demonstrated in

Figure 5, there were little to no day schools in districts with at least one EMRS. This indicates

that students in these regions face limited educational alternatives to the residential school

model. As a result, the decision for many families becomes binary: either enroll their children

in the residential EMRS and lose valuable household labor or choose to have them drop out

of school entirely. Given the ST background, the results indicate that the households chose

the latter. The evidence underscores the need for a more tailored educational system that

accounts for household dynamics in socio-economically disadvantaged communities.
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Figure 5
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Table 19: Major Reasons for Dropping Out of School

Major Reason: Economic Activity Domestic Activity Financial Reason Completed Desired Class Unfamiliar Language Inadequate Teachers Teacher Quality

EMRS Present in District 0.1354 0.2713*** -0.2037*** 0.0381** -0.0007 -0.0002 -0.0399
(0.0944) (0.0985) (0.0688) (0.0185) (0.0006) (0.0003) (0.0397)

Observations 8,906 8,906 8,906 8,906 8,906 8,906 8,906
R-squared 0.1029 0.0928 0.1117 0.1150 0.0486 0.0294 0.0376

Major Reason: School Far Academic Failure Atmosphere Unsuitable No Female Teacher No Interest Marriage

EMRS Present in District -0.0033 -0.0428 0.0001 0.0002 -0.0004 0.0382
(0.0022) (0.0416) (0.0001) (0.0001) (0.0007) (0.0252)

Observations 8,906 8,906 8,906 8,906 8,906 8,906
R-squared 0.0888 0.0838 0.0140 0.0325 0.0657 0.0509

Notes: Dependent variable is an indicator for the respective reason. The estimation controls for district-fixed effects. Controls include religion,
household size, and monthly expenditure. The sample was restricted to only ST households. The sample includes women last enrolled in
primary, upper primary, middle, secondary or higher secondary education. Standard errors are clustered at the household level and shown in
brackets. * p < 0.1, ** p < 0.05, *** p < 0.01.



9 Conclusion

This paper presents the first comprehensive study of the impact of Eklavya Model Residential

Schools (EMRS) on the educational outcomes of the Indigenous12 women in India. Against

the backdrop of a global decline and phase-out of residential schools, India’s commitment

in the 2024 budget to allocate substantial resources and INR 63.99 billion to expanding

EMRS across the country calls for an evaluation of the policy’s effectiveness. Using a newly

constructed dataset with a triple difference and instrumental variables strategies, I estimate

the causal effect of residential school enrollment on years of education for Indigenous women

in India.

Three key differences were helpful in the triple difference identification: a residential

school in a village, the tribal status of children, and cohort eligibility, contingent on an

individual’s age falling within the school-going bracket when the school was operational.

The findings show that exposure to EMRS led to unintended negative consequences. ST

women residing in villages with operational schools during the school-going age experienced

significantly fewer years of education than their non-ST counterparts. Specifically, eligible

cohorts report 1.248 fewer years of education than non-ST women.

To check the robustness of these results, I use an instrumental variable (IV) analysis to

further substantiate these findings. I use the interaction of forest cover and cohort eligibility

as an instrument for school exposure. The idea is that the STs reside in very remote areas

of India, often having dense forest covers. Since these schools catered to the STs, areas

with higher forest cover were more likely to have these schools sanctioned. The robust first

stage across specifications supports the argument that the instrument is not weak. The

IV results demonstrate consistent declines in years of education at both the individual and

village levels. Specifically, I observe a decrease of 4 years of education at the individual and

12Scheduled Tribes (ST) of India
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village levels. The results, robust to multiple checks, reinforce the conclusion that exposure

to these schools did not lead to improved educational outcomes.

Finally, I explore the underlying mechanisms driving these results. I find a significant

27.13 percentage point increase in dropout rates due to engagement in domestic activities in

districts with EMRS. This suggests that the residential nature of EMRS disrupts traditional

household dynamics, increasing the opportunity cost of education for families who rely on

their children’s labor for domestic and economic support. Furthermore, the lack of alternative

schooling options in districts with EMRS leaves families with a binary choice: enroll their

children in EMRS or have them drop out entirely. This forced trade-off may explain the

decline in educational attainment observed in these regions.

While we have robust evidence of residential schooling’s negative impact on STs, avenues

for further investigation exist. This study focuses on short-term educational outcomes. Fu-

ture work can examine the broader economic, social and psychological effects of residential

schooling on ST communities. Issues such as mental health, community cohesion, and cul-

tural preservation are equally crucial in understanding the long-term effects of these schools.

Studies in the North American context have shown that the impact of residential schools

extends beyond educational attainment, affecting various aspects of life, including health

behaviours, mental health, cultural engagement, and labor market outcomes. A similar

exploration in the Indian context would be beneficial.

While the EMRS program was implemented to improve educational outcomes for STs,

its failure to account for the unique socio-cultural dynamics of tribal communities may have

resulted in unintended negative consequences. The findings underscore the need for more

tailored and culturally sensitive educational policies that better align with the realities of

Indigenous populations.
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