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Institutions that foster human and social capital are central to the process of economic devel-
opment. In particular, institutional processes can shape how individuals and communities interact,
learn, share knowledge, and participate in civic and economic life. Beyond markets, these social
and organizational structures, rules, norms can shape inclusion and opportunity (e.g., North, 1990).

This dissertation examines how institutions contribute to development in South Asia, fo-
cusing on programs that expand opportunities for disadvantaged populations and skill formation
in young people. Specifically, it investigates the mechanisms through which community driven
development programs—such as women’s self-help groups (SHGs) and youth soft skills train-
ing—shape learning, cooperation, political participation, and labor market outcomes. Across three
chapters, the dissertation explores the ways in which institutional design can (i) be both inclusive
of marginalized groups and enable cooperation across ethnic groups to improve access to finance
and labor market outcomes (ii) strengthen political entry for marginalized groups, and (iii) facil-

itate smoother labor market transitions from tertiary education among youth. Collectively, these



studies highlight that well designed institutions can have impacts as varied as transforming inclu-
sion and diversity into increased rural employment and political participation as well as easing the
transition of youths into the labor market.

Chapter 1 examines how inclusion and diversity within local, community driven institutions
influences cooperation across ethnic groups. Ethnic diversity is often viewed as an obstacle to
collective action and development. Yet, development programs must often operate across social
boundaries such as caste in India. Using administrative data from the state-run women’s SHG pro-
gram in Bihar, India, I study how ethnic diversity—measured by the representation of marginal-
ized Scheduled Caste (SC) women—in sub-village-level networks affects financial and livelihood
outcomes. Using the plausibly exogenous order of formation of SHGs in a village and program
rules for federation, I show causal evidence that greater representation of marginalized members
enhances cooperation within these networks. Specifically, SHG federations (known as Village
Organizations, or VOs) with more SC members are more likely to access additional loans and par-
ticipate in livelihood programs such as producer groups. The study suggests that strong economic
incentives in public programs can help overcome traditional social boundaries that often inhibit in-
teraction. Additional results show that better program implementation and policies that encourage
prior exposure to marginalized members in the village can amplify cooperative outcomes.

Chapter 2 investigates whether the same institution (i.e., women’s SHGs) can serve as path-
ways for political entry among members from historically disadvantaged groups. Specifically, the
study combines experimental and quasi-experimental variation to examine whether the formation
of SHGs spurs candidacy in local government elections among Scheduled Castes or SCs. First,
using a randomized rollout of SHGs across villages the analysis shows that SHGs substantially

increase the number of SC and SC women candidates contesting local elections. These effects are



particularly pronounced in villages where the seat is also reserved for SC candidates. In such vil-
lages, a more diverse pool of candidates run for local elections, including candidates from poorer
households and smaller sub-castes. The study identifies two key mechanisms: increased voter
mobilization and leadership experience gained within SHGs. A second research design exploiting
differing timing of SHG formation across all of Bihar’s villages and the rule for reserving villages
for SCs provides external validity and suggests entry effects increase with length of exposure to
SHGs. The study highlights the overall complementarity of both formal (reservations) and more
informal institutions (SHGs) in democratizing political entry. The chapter is co-authored with Dr.
Sharan.

Chapter 3 shifts focus to institutions that enable human capital development - specifically
soft skill formation - and examines how such training programs can facilitate the school-to-work
transition for young people. The key issue is the following mismatch in the labor market; soft skills
are hard to train and test on for colleges. However, there is consistently high employer demand
for these skills. To fill this gap, a non-profit institution trains students close to graduation on a
one-month long intensive program. A total of 15 training sessions were conducted over a year by
the non-profit. The program trained on both inter-personal(negotiation, expressiveness, influence,
and listening) and intra-personal (self-awareness, self-control, decision making, and perseverance)
soft skills. Student applicants to each training session were randomly assigned into treatment and
control groups to estimate causal impacts of the program. Results show that treated students are
significantly more likely to find employment soon after the training. While these effects are still
higher a year later, they are not distinguishable from the control group. The main mechanism is
a strong and sustained improvement in both inter-personal and intra-personal skills. The study

demonstrates that soft skills are malleable in young adulthood and can assist youth in making the



(often) difficult transition into the labor market. The study also calculates costs to implement the
program and shows that the training is both cost-effective and scalable. The chapter is co-authored
with Dr. Mahreen Khan.

Taken together, the three chapters contribute to our understanding of how institutions shape
both social cooperation and human capital accumulation. Chapters 1 and 2 provide direct evidence
of organizational features from the SHG program in India— whether it be a focus on inclusion,
or through rules that enable the mixing of groups across social boundaries or through leadership
roles— can generate better participation in economic and political activities. Chapter 3 comple-
ments this perspective by highlighting how a structured, low-cost training institution can enhance

the employability of youth in the labor market.
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Chapter 1:  Ethnic Diversity and Cooperation: Evidence from Networks of Women’s

Self-Help Groups in India
1.1 Introduction

A large literature has argued that ethnic diversity may be an impediment to development due
to conflicting preferences and prejudices that undermine collective action and result in public goods
and choices that do not benefit everyone (e.g., Alesina and La Ferrara, 2005). Furthermore, mixing
across ethnicities can often violate a sense of identity, prescribed behavior and social norms, and
in the worst cases lead to conflict and warfare (Akerlof and Kranton, 2000, D. Ray and Esteban,
2017). Conversely, however, if ethnic groups have skills that are complementary, this may sustain
cooperation for specific sub-groups (e.g., Artiles, 2025). It has also been hypothesized that better
conditions for interactions such as common goals, equal status, authority support, and coopera-
tive opportunities may lead to better interactions between ethnic groups (Allport, 1954, Pettigrew,
1998). However, such complementarities in skill or widespread favorable conditions for inter-
group contact may be missing in practice. Therefore, it is an open question whether such favorable
conditions can realistically be implemented at scale and bring about meaningful cooperation across
ethnic groups.

I examine how ethnic diversity in sub-village-level networks affects cooperation in financial
and livelihood activities. Specifically, I study the women’s self-help group (SHG) program in Bihar
state in India, which is run by the state and provides access to finance and livelihood activities to
groups of women from nearby impoverished households. To better manage the large number
of SHGs, program rules prescribe a federation process; the formation of a networked institution

called the village organization (VO). Each VO represents the larger network of members from



multiple SHGs and ethnic composition of the VO will vary based on the ethnic composition of
the SHGs that are federated. After the VO is formed, it is responsible for monitoring financial
activity and discussing livelihood opportunities for all members. Monthly meetings of the VO
provide a forum for active debate and discussion amongst members from various ethnic groups
on these and other topics that members wish to discuss. Achieving greater cooperation in the
VO networks then helps to realize greater benefits for all members. In particular, VO networks
become eligible to access more funds if individual SHGs are functioning well - chances of which
improve through better monitoring by the VO. In addition, more members in the network can come
together to demand training and participation in various livelihood activities and take advantage of
information exchange, peer learning and activities that benefit from scale economies.

I measure ethnic diversity using the number of minority group members present in a VO,
which helps to maintain focus on minority representation. A number or share of minority group
members is commonly used in the literature (T. Ray et al., 2022, Afridi et al., 2024). The SHG
program tried to include women from lower-caste minority households, formally considered to be
from Scheduled Castes (or SCs) (Government of India, Ministry of Rural Development, 2012).
SCs are a collection of sub-castes positioned at the bottom of India’s caste hierarchy, where they
face systematic discrimination, social exclusion, and economic marginalization (Thorat and New-
man, 2007). In addition, reputational concerns prevent higher caste groups from interacting with
SCs, and cross-caste interactions are often adversarial (Desai et al., 2011, Brooks et al., 2018, Oh,
2023).

The process of SHG formation in a village, combined with program rules for VO formation,
leads to more caste-heterogeneous networks of women from different parts of the village. The
program targeted all poor households in a village, typically identified through participatory ap-
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proaches. However, given the large number of poor households, and high demand for the program,
SHGs were formed over several years after initial entry. This was primarily due to program ca-
pacity constraints, which was particularly binding during the SHG program expansion in 2012 to
all villages in the state. Individual SHGs tend to be more homogenous in caste composition, since
members typically live in nearby households in the same hamlet in the village. However, multiple
SHGs were often formed in different hamlets when the program team visited the village. It is also
important to note that members are locked into the SHG they sign up for. The next step is the
federation process of aggregating SHGs into VOs based on external rules and other factors. VOs
are expected to be created after a set of 8 SHGs have been formed in the village (Government of
Bihar, 2009, Kochar et al., 2023). Since a single hamlet may not have had enough SHGs to be in-
corporated under a single VO because of the federation rule of requiring at least 8 SHGs, the ethnic
composition of the VO varied due to the integration of SHGs from different hamlets in the village
to meet the rule requirement. In summary, the variation in composition in a VO typically comes
from between SHG variation rather than individual SHGs, since individual SHGs are similar in
caste composition.

My research design is based on an instrumental variable strategy to address endogeneity
issues in the selection of SHGs that are federated under a VO, since the rule (of 8 SHGs required
to form a VO) is not always perfectly followed. I combine two sources of “as good as random”
variation - the order of the formation of SHGs and rule for the creation of a VO after at least 8 SHGs
have been formed - to predict the number of minority members (i.e., SCs) that are likely to be a
part of the next VO that is to be formed in the village. I confirm that the rule of 8 is approximately
followed through a set of first stage regressions. I argue that the rule serves as a guiding principle,

and was applied imperfectly on occasion. For instance, due to high program demand, newer SHGs
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were sometimes added to existing VOs, leading to larger VO sizes in recent years. In addition,
SHG and VO creation teams did not coordinate perfectly. leading to idiosyncratic delays in VO
creation. This left open the possibility of selection in SHGs that are assigned to a VO. Therefore,
I construct the instrument as follows. I use SHGs 1 through 8 formed in the village to predict the
number of SCs in the first VO, SHGs 9 through 16 to predict the number of SCs in the second
VO, and so on. The instrumental variable approach helps isolate the portion of the variation that is
attributable to both the plausibly exogenous order of formation of SHGs and VO formation rules.
The instrument yields a strong first stage.

The validity of the identification strategy relies on a lack of strategic behavior on both de-
mand and supply sides. SHGs are expected to be aggregated into VOs soon after the 8th group
is formed. This process is continuous, i.e. a VO is formed after the first 8 SHGs are formed,
the second VO is formed after the next 8 SHGs are formed, and so on. As long as the timing of
formation of SHGs does not follow underlying preferences in this sequential formation, then one
should expect that being the 8th SHG vs being the 9th SHG yields differences only in VO mem-
bership. Therefore, it is important to note that when SHGs are formed, members did not know
which other SHGs would form after, and in which parts of the village, or when a VO would be
formed, precluding any strategic behavior in SHG formation that is influenced by VO membership.
Similarly, for the program team that helped to form SHGs, limited capacity and time constraints,
particularly during the expansion phase of the program, meant that they helped to create as many
SHGs as feasible across hamlets in the village, before moving onto the next village - again reducing
opportunities for any strategic behavior in the creation of SHGs.

I do not find any evidence of strategic behavior or violations across a series of tests, which

corroborates the idea that the order of SHG formation is as good as random. I show, first, there is
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no (unusual) delay in the formation of the 8th versus the 9th SHG in a village, or any multiple of
8 and the next SHG. Similarly, there are no differences when comparing a number of observable
characteristics of the 8th versus the 9th SHG (and corresponding multiples). In addition, I confirm
that the predicted network compositions in a village are not systematically correlated with any
baseline village characteristics. Finally, I also show that the preferences of SC members versus
others who participate in SHGs is not systematically different. Specifically, I show that participa-
tion in government programs as well as confidence in government officials is no different for SC
members versus others. This is an useful check as treatment intensity is determined by the number
of SCs in a VO in my research design.

I find that increasing number of SCs in a VO typically leads to better cooperation outcomes
among members in the VO network. First, I study if the VO is able to access additional funding.
This indicates that the VO and the corresponding SHGs are both meeting basic program require-
ments such as regular meetings, savings, and repayments - a test of a basic form of cooperation. I
find that VOs with a greater representation of SCs demonstrate better cooperation. A one standard
deviation (SD) increase in the number of SCs in the VO is associated with 16-36% higher likeli-
hood of the VO accessing additional funding (where 1 SD is about 30 additional women and VOs
typically have about 100 women in total). I further estimate heterogeneity based on the timing of
first VO formation in the village: VOs with more SC members in newer villages are able to gain
access to additional funding sooner, suggesting that members in such VOs are able to cooperate
faster.

Second, I study participation in a farmer program (FP). The FP helps to train smallholder
farmer members on sustainable farming practices, such as the adoption of higher yielding, climate-
resistant seeds, less water usage, and crop rotation (Behera et al., 2012). There are different forms
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of social learning that can influence adoption in this case - however, learning is contingent on
interaction and coordination. The results for participation in the FP are weaker and typically not
significantly different for VOs with more SCs. The result may reflect that SCs have less access to
agricultural land.

Third, I study participation in producer groups (PG), which helps members pool their farm
or non-farm products to access different markets at better prices. I consider this activity to be
indicative of both a longer-term and more intensive form of cooperation. I find an 18-25% increase
in the number of members in a VO participating in producer groups with a 1 SD increase in
the number of SCs in the VO. The results show this is driven by participation in non-farm PGs,
consistent with SCs having access to less land for farming. I also observe heterogeneity where
effects are stronger among earlier VO cohorts (i.e. in villages where VOs were introduced earlier),
indicating that greater SC presence in VOs also helps to sustain collaboration over longer periods.

To address potential concerns about the types of individuals joining SHGs over time, I em-
ploy an alternative research design that compares SHGs formed closer in time but incorporated into
different VOs. The members in these SHGs are then exposed to a plausibly exogenous number of
SCs in their respective VOs - based on the SCs present in the other SHGs that are part of the VO
they were incorporated into. This approach reveals a significant jump in exposure to an additional
21-24 SC members (after sorting consecutive VO pairs by higher and lower SC presence). How-
ever, SHGs with more SCs are also more likely to be assigned to the same VO, and I estimate this
imbalance to be about 10% of the jump in exposure to other SCs. This is unsurprising given that
SC SHGs may be formed from the same or nearby hamlets around the same time, and therefore,
more likely to be assigned to the same VO. The pattern of results using this approach, however, is

very consistent with the instrumental variable analysis. There is an effect of a 6-7% increase in the

6



likelihood of a SHG with higher SC exposure participating in producer groups, and a smaller and
insignificant effect of participation in the farmer program.

I next document that cooperation occurs not only within ethnic groups but meaningfully
across them, as evidenced by joint participation in both farmer programs and producer groups.
The results so far suggest that all members benefit from increased SC presence in the VO. How-
ever, it is unclear if SC members only cooperate with each other or if there is cooperation across
ethnic groups. Since the farmer program data is available over time, I use it to assess patterns in
participation. I find that while SC-majority SHGs are more likely to adopt the farmer program
together, there is still a positive likelihood of co-adoption alongside non-SC majority SHGs in
the same VO. I observe similar patterns in co-participation in producer groups, i.e., both SC and
non-SC majority SHGs from the same VO participate. As expected, co-adoption and participation
increases with more SC representation. In summary, both of these results provide evidence of
cross-ethnic interaction and cooperation.

Investigating mechanisms, I find that better implementation and therefore, improved condi-
tions for interaction, positively influences cooperation. To examine this, I use variation from the
program’s initial pilot phase as a proxy for implementation quality. The program was first piloted
in 55 blocks across 9 districts in Bihar between 2007-2011 with greater attention paid to program
implementation before expanding to the remaining blocks in the same districts from 2012. I com-
pare villages that did not receive the program in early blocks where the program was first piloted
to villages where the program was subsequently expanded in other blocks in the same district. The
key difference is that program staff in these early blocks gained valuable implementation experi-
ence and could then directly or indirectly help in implementation in the remaining villages of these

earlier blocks. The results show that all three cooperation outcomes are higher in the (remaining)
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villages in early blocks.

As a second mechanism, I find that prior policy that increased exposure to SCs also leads to
better cooperation. Specifically, I study if outcomes are different in villages where the village head
was reserved for a SC individual in the past, prior to the introduction of the SHG program. When
the village head is an SC individual, there may be greater interaction between SC and non-SCs,
for example in local village meetings. Consistent with this hypothesis, participation in the farmer
program and producer groups are both higher in villages with prior SC political reservations.

The paper contributes to several literatures. The literature on inter-ethnic contact finds
broadly negative effects, particularly when contact occurs under unfavorable conditions. For exam-
ple, this is true when studying the impact of immigration on political outcomes(Enos, 2014, Halla
et al., 2017, Tabellini, 2020, Alesina and Tabellini, 2024). In schools, with possibly more favor-
able conditions for interactions, the mixing of students in classrooms from different racial or ethnic
backgrounds leads to modestly positive or negative effects on minority students. A recent study
in India found no effect on test scores with varying shares of marginalized caste students in class-
rooms (T. Ray et al., 2022), and previous studies of race-based integration in the US found negative
or modest effects (Angrist and Lang, 2004, Billings et al., 2013, Hill et al., 2022). More generally,
arecent review suggests that results are weaker particular with adult inter-ethnic and racial contact,
and that research that systematically explores better conditions for contact is lacking (Paluck et al.,
2019). I add to this literature by studying a large-scale natural setting of cross-ethnic adult contact
where more favorable conditions for cooperation may ultimately emerge.

There is a large literature on the effects of diversity in teams in organizations and experi-
mental settings to which this paper is also related. From early on, researchers have argued that

there needs to be sufficiently high incentives and complementarities to cooperation to overcome



the costs of interaction of individuals from different backgrounds (Lazear, 1999). A recent study
that examined productivity gains in factory floor teams, where conditions for cooperation are more
favorable, found that greater homogeneity (share of one’s own caste) lead to higher productivity -
however, it is unclear if there is any useful cross-ethnic interaction (Afridi et al., 2024). In Kenya,
ethnic diversity of supervisors improved performance of teams but not that of teammates (Marx
et al.,, 2021). Additionally, experimental literature in India has also shown that social cohesion
may improve among individuals brought together from different backgrounds including caste and
religion in the short term (Lowe, 2021, Ghosh, 2022, Ghosh et al., 2024). However, other papers
have highlighted the economic consequences of preferences against mixing, including forgoing
income (Oh, 2023), leading to sticky occupational choices based on ethnicity (Cassan et al., 2021).
This paper is different in that I study cooperation over a longer period of cross-ethnic interaction.
Therefore, I study if such cooperation can be sustained, i.e., how some of the initially positive
contact identified in the experimental studies develops in the medium term.

The study is also related to longer term effects of ethnic diversity on development processes.
The results in this literature continue to evolve. For example, initial papers reported negative ef-
fects on public goods more consistently (Alesina et al., 1999, Alesina et al., 2003). Glennerster
et al., 2013 on the other hand, largely finds no effect of diversity on public goods. There may be
distinct effects based on the nature of diversity, e.g., effects vary based on fractionalized versus
polarized societies (Bazzi et al., 2019). Artiles, 2025 points to an initial negative impact of di-
versity, but emphasizes a crucial historical factor (economic exchange) that can mitigate or even
reverse it. At a more local level in public housing in France, a study also finds primarily negative
effects of diversity due to a collective action failure i.e., diversity reduces residents’ ability to act

collectively to demand proper building maintenance (Algan et al., 2016).However, most of these
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studies examine diversity in contexts where the conditions for inter-group contact are not systemat-
ically designed to promote cooperation. This paper contributes by demonstrating that institutional
frameworks can create environments where ethnic diversity can lead to unconditionally improved
outcomes across multiple domains of cooperation.

The study also contributes to the literature on the adoption of sustainable farming practices
and climate adaptation for smallholder farmers. One of the most important barriers to adoption
has been information constraints and in particular, reaching smallholder farmers, is challenging.
A large literature has emphasized how farmers learn from others or through self-experimentation
(e.g., Conley and Udry, 2010, Foster and Rosenzweig, 1995). Additionally, encouraging and sus-
taining wider-scale farmer adoption through traditional extension services and learning from peer
farmers depends on a number of unique conditions (Lasdun et al., 2023, BenYishay and Mobarak,
2019, Moser and Barrett, 2006). In contrast, the paper shows that the policy created women’s net-
works are an effective alternate platform that can lead to greater adoption of sustainable farming
practices. The paper also sheds light on the type of learning that is preferred by minority group
members by uncovering patterns of learning and contrasting learning from the past adoption of
other members in the network with learning together or co-adoption with other members.

Finally, I contribute to the sparse literature on participation in producer groups. In India,
farmers often cannot access wholesale markets, and middlemen earn large margins (Mitra et al.,
2018a). The same logic applies to other small businesses. The formation of producer groups
helps farmers and other small businesses with not only access to different markets and, therefore,
better prices, but also access to better inputs and training (Sellare et al., 2023). However, poorer
individuals are often excluded from producer groups (Bizikova et al., 2020). The paper offers some
of the first evidence showing that there is also participation in producer groups by individuals from
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the minority group from these caste-heterogeneous rural networks of women.

The remainder of the paper is organized as follows. Section 2 provides the institutional back-
ground on the SHG program and describes the data and sample selection. Section 3 summarizes
briefly a conceptual framework. Section 4 outlines the empirical strategy describing the instru-
mental variable approach. Section 5 presents the main results on cooperation outcomes, followed
by several robustness checks in Section 6. Section 7 explores mechanisms including evidence of
cross-ethnic cooperation and the role of program implementation quality. Section 8 discusses the

implications of the findings and concluding thoughts.

1.2 Institutional Background, Data, and Descriptives

1.2.1 The SHG Program

1.2.1.1 SHG History and Formation

SHG programs in India date back to the mid-1980s, when these were primarily run by NGOs
with the assistance of development agencies such as the World Bank. After several pilots, a few
states started to scale up their respective programs. In 2012, the Government of India formally
established the current version of the SHG program, known as the National Rural Livelihoods
Mission, and the program was scaled up across states thereafter. Participation is estimated at 125
million households that were part of 10 million SHGs in 2019 (World Bank, 2021). Bihar State
is considered to be the poorest state in India, with per capita income estimated to be around $680
in 2021 (CAG, 2021). Therefore, with World Bank funding, the SHG program was piloted in 9

districts between 2007 and 2011 before being scaled up over time in all 38 districts from 2012
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onwards. Participation has been very high in the state, with an estimated 1.1 million SHGs created
with 12.7 million members representing over 40% of households.

The SHG program mobilizes—10-15 women from poor, nearby households, in a hamlet, to
form a group - who then need to regularly meet, save, and make repayments on loans to be eligi-
ble for further funding. The program attempts to include women from lower castes, particularly
Scheduled Castes (SCs). Groups are formed in the village, going from one hamlet to another, until
all women from poor households that wish to participate are included. This process usually takes a
few years to complete, as demand for the program has been very high. After formation, members
receive access to a Revolving Fund or RF (approximately equivalent to $188) from which mem-
bers take turns to borrow. They also meet weekly and save a nominal amount each week, creating

another pot of money that members can borrow from.

1.2.1.2  Village Organizations

In order to better manage the large number of SHGs created, as well as implement a vision
for creating self-sustaining, community based organizations, a federated structure was designed
to implement a local management layer. The rules of the program prescribe the formation of this
management body, known as a Village Organization or VO, after eight SHGs are formed in the
village (Government of Bihar, 2009). A team of program field staff assists in this process through
a combination of training and elections among SHG members. There are additional VOs formed in
villages as needed as the number of SHGs grows, and in some instances, VOs may operate across
villages that are next to each other. The VO has several responsibilities, chief among which is to

monitor borrowing and repayment activities for SHG members. However, VOs may play a number
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of other useful roles, such as troubleshooting and discussing financial or livelihood-related issues
and needs of members in monthly meetings. As such, decisions are made in a transparent manner,
where representatives from each SHG are present to discuss lending and other activities. VOs
assist in several other ways; for instance, they act as intermediaries to distribute additional funds,
facilitate livelihood-related training and activities, and provide information on other government

programs and schemes that members may be eligible for.

1.2.1.3 Access to Additional Funding

After new groups have been meeting regularly and saving for at least six months, they can
access a larger pot of money known as the Initial Capitalization Fund (ICF), which is equivalent
to $625. All SHGs are eligible to access this fund. There are a few additional funds that SHGs
and VOs can access in the future. Each of these are structured as low-interest loans, rather than
grants. VOs can help access the Health Risk Fund (HRF) and Food Security Fund (FSF). The HRF
is made available to SHG members to borrow from at low interest rates in the case of a health
emergency and is available to all VOs. The FSF is typically used to make purchases of subsidized
food rations from another government program. For the FSF, there is a stated eligibility criterion of
at least 40% of members under a VO being SC (Government of Bihar, 2017). These funds play an
important role in that they can reduce consumption and health shock-related borrowing and instead
help shift borrowing towards more productive investments and activities for members. At an even
more fundamental level, accessing additional funds indicates that the SHGs under a VO and VO

itself are all working well together.
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1.2.1.4 The Farmer Program and Producer Groups

Since 2014, the SHG program has helped smallholder farmers and assisted in the creation
of both farm and non-farm producer groups. Small and marginal farmers account for 96.9% of
landholdings and 75.9% of Bihar’s cultivated area (Census, 2015-16). Small-holding farmers lack
access to quality inputs, credit, and extension services. Therefore, the SHG program has helped
small-holding farmers by initially providing subsidized inputs, such as higher yielding seeds, and
training on sustainable farming practices, such as lowering water use and crop rotation. Subse-
quently, the SHG program helped mobilize farmers and others into larger producer groups. Tra-
ditionally, farmers sell to middlemen in the village who may earn larger margins by skimping on
both weight and price (Mitra et al., 2018b). Such smallholder farmers had low bargaining power
in the local market and experienced other issues, such as delayed payments. Producer groups can
help alleviate these issues. Typically, between at least 60 but usually more farmers may voluntarily
come together to form a producer group from nearby villages. Several producer groups may be
incorporated into a company, which can then better access different markets (e.g., markets further
away in sub-district or district headquarters) and negotiate better prices. Producer group members
typically need to meet to discuss prices and quantities they can commit to and cooperate throughout
the crop cycle period. Given the success of farmer producer groups that typically produce staples
such as rice and wheat, livelihood activities have been expanded to create producer groups for
fruits and vegetables, palm trees, poultry, goatery, beekeeping, and various arts and crafts (World

Bank, 2018).
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1.2.2  Data, Sample Selection, and Descriptives

1.2.2.1 SHG, VO, and Village Data

I obtained data for all SHGs and VOs currently functioning in all districts in Bihar state
from the publicly available sources published by the SHG program in Bihar state (Jeevika MIS).!
The data included the locations and composition of over a million SHGs as well as the mapping
of those SHGs to the VOs. Other relevant information, such as formation dates and whether the
SHGs have access to formal savings and credit accounts in local bank branches, was also obtained.
The number of SHG members in Bihar currently stands at over 12 million women from over 1
million SHGs. Furthermore, about 1,025,633 SHGs have been incorporated under a VO (or 95%
of all SHGs). Additionally, the federation process leading to the creation of VOs has led to the
formation of 76,064 VOs till date. While SHGs have been established in over 34 K villages out
of the over 38 K villages in Bihar state recorded in the 2011 Census, VOs have been formed in
approximately just over 31 K of these villages to date. I obtained several variables on baseline
village characteristics in Bihar by merging with the 2011 Census and the Socioeconomic High-
resolution Rural-Urban Geographic Platform for India (SHRUG) (Asher et al., 2021).

Outcome data was also obtained from the Jeevika MIS, and I primarily analyze outcome data
from 2024. Access to additional funding (including the ICF, HRF, and FSF discussed above) is

available at the VO level in 2024. Producer group data, obtained at a member level, included if

'Data was downloaded from http://20.198.83.63:9090/dashboard/ in June, July, and August of 2024.

2Qverall, I downloaded several additional databases from the Jeevika MIS so that member, SHG, and VO IDs as
maintained by the SHG program in the state could be used for improved merging instead of string matching. This also
meant that some of the sample was dropped because the Jeevika MIS data were not internally consistent. However, the
main string merge on location names of the SHG program data with the Census 2011 data was manually verified and
corrected. I was able to merge SHG and VO information for approximately 28 K villages with the SHRUG dataset.
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Figure 1.1: SHG Program timelines and Data Availability
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members participated in different producer groups in 2024. The farmer program data is available
at a yearly level between 2016 and 2024. While the data is available at the farmer level, I am only
able to merge this data at the SHG level. Therefore, I merge in whether any member from a SHG

participated in the farmer program by 2024. The timelines and data availability is in Figure 1.1.

1.2.2.2 Sample Selection

I show the results using two samples. I show the formation of SHGs, VOs, and other de-
scriptive figures using all available data from the SHG program expansion from 2012, which I call
the Full Sample.

For the instrumental variable analysis in this paper, I use what I call the IV Sample, which is
created using additional restrictions.? As before, I first restrict the sample to villages that were part
of the expansion of the SHG program from 2012 onwards. I further restrict to villages that received
the program by 2023, as I study outcomes in 2024. Second, I restrict to villages with greater than
1 VO and less than 12 VOs (i.e., the 95th percentile for the number of VOs in a village) in order to
exclude few large villages. Next, I restrict the sample to villages with a greater than zero SC female

population at baseline, as this is the key source of variation used in the analysis. Additionally, I

3See Appendix Figures A.3 and A.4 for a map with village locations for both samples used in the paper.
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exclude a few villages where I had trouble predicting the number of SCs in the VO using the
instrumental variable strategy. I also drop a few (less than 1%) very large VOs that I deem likely

to be data entry errors.

1.2.2.3 Descriptives

Table 1.1 presents summary statistics from the IV Sample (Appendix Table A.1 shows the
same statistics for the Full Sample). This sample includes nearly 60% of all SHGs in the expansion
of the program from 2012 onwards. While the village mean population for SC women is 19%,
representation is higher in SHGs and VOs at 24%, which reflects the targeting of SCs. The number
of VOs in this sample is just below 40,000, or about 65% of all VOs from the 2012 expansion.
However, since VOs may incorporate SHGs from more than one village, the number of village-VO
level observations is higher at just under 46,000. The mean number of SHGs under a VO is just
below 10 in the sample. The mean number of SCs and members in a VO is approximately 28 and
118.

For villages, I list a number of characteristics, such as remoteness and infrastructure, as well
as characteristics related to the outcomes I study later. For instance, the share of women working
in 2011 in these villages was 21%. Most women work in agriculture (about 23%) or were in other
kinds of marginal work (56%) in the baseline year in 2011.

Next, I discuss a few key statistics related to outcome data, starting with loans received at
the VO level. Overall, 81% of VOs have received any ICF funds. In contrast, only about 42% of
VOs have received any HRF funding and 51% have received FSF funding. These percentages are

similar in the samples we use in the paper. For example, the corresponding percentages in the SHG
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Program expansion that we call the Full Sample are 80%, 40% and 49% for ICF, HRF, and FSF
funds respectively. In the IV Sample, the corresponding percentages are 82%, 42% and 51%.

The SHG farmer program (FP) data, which assists members with the adoption of sustainabil-
ity practices, shows that over 1 million farmers have been assisted between 2016 and 2024. These
farmers are from approximately 349,973 SHGs and 39,973 VOs in 22,699 villages. Overall, this
represents approximately 35% of SHGs and 53% of VOs. The program is present in all 38 districts
and 534 blocks of Bihar. The average area cultivated by farmers is approximately 12 hectares, and
the average at the SHG level is approximately 120 hectares. Farmers also grow a variety of crops
with 21 different crops listed, and the farmer program explicitly encourages crop rotation and di-
versification to increase income and hedge against poor weather. About 23% of farmers grow two
different crops.

In the SHG program expansion or the Full Sample, the data consists of 297,833 SHGs with a
participating member, from 33,905 VOs in 18,857 villages in almost all blocks and 38 districts. In
the IV Sample these numbers are 178,939 SHGs from 21,667 VOs in 8,917 villages in 514 blocks
in 38 districts.

Overall, about 312,698 members are part of 4,129 Producer Groups or PGs that have been
created to date across all 38 districts in Bihar and in 84% of blocks. Approximately 93% of
members belong to only one PG and the remaining 7% are part of more than one PG. Several
types of PGs have been formed. While about 20% of PGs are farming-related PGs, the rest include
several other activities, including poultry (63%) and goatery (10%). On average, each producer
group includes a large number of members. The mean and median number of members in each PG

were 233 and 219, respectively. The members come from nearly 72 K SHGs.
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Table 1.1: Summary Statistics

Mean SD
Panel A: SHGs
Total Member 11.97 1.75
SC 2.88 4.47
Proportion SC 0.24 0.37
Proportion ST 0.02 0.11
Proportion EBC 0.67 0.40
Proportion Other 0.07 0.22
Panel B: VOs
Number of SHGs under VO 9.83 5.03
Number of SCs in VO 28.32  31.64
Number of members in VO 117.96 61.77
Proportion SC 0.24 0.24
Proportion ST 0.02 0.08
Proportion EBC 0.67 0.27
Proportion Other 0.07 0.16
Panel C: Villages
Number of SHGs 41.07 2938
Number of VOs 4.14 2.56
SC female share 0.19 0.14
ST female share 0.01 0.06
Sub District Head Quarter (Distance in km) 9.38 6.33
Total roads 3.27 1.50
Total banks 0.19 0.49
Total schools 3.06 2.48
Share of female working 0.21 0.14
Share of cultivators of working female 0.08 0.11
Share in agriculture of working female 0.23 0.22
Share in manufacturing of working female 0.03 0.07
Share in other services work of working female  0.10 0.12
Share in marginal work of working female 0.56 0.28

Notes: The table presents summary statistics from the sample used in the IV analysis. The observations for VOs
represents the number of VOs in a village which is higher than the number of unique VOs, since VOs can operate
across villages. Overall, there are about 450,602 SHGs, 45,840 VOs, and 10,999 villages in the IV sample.

In the Full Sample, there are about 46,713 SHGs (or about 6% of SHGs) that have a member
that participates in producer groups. These SHGs belong to 10,650 VOs in 5,965 villages, 418
blocks in all 38 districts. In the IV Sample, these numbers are 29,849 SHGs with a PG member

that come from 6,843 VOs in 3,265 villages in 397 blocks and 37 districts.
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1.2.3 The SHG and VO Formation Process

In this section, I discuss the SHG and VO formation processes in villages in Bihar. Appendix
Figures A.1 and A.2 shows the formation of SHGs and VOs after the introduction of the program in
a village. It’s useful to re-iterate that once formed, members are locked into the SHG. While SHGs
formation remains at a steady pace, reaching about 24 SHGs in the first five years, VO formation
is slower reaching about 2.7 VOs on average after 5 years.

I next discuss and show that there is uncoordinated formation of SHGs in villages, i.e. SHGs
cannot and do not plan strategically to form groups around the critical threshold of eight groups.
First, I show that the SHG formation order is plausibly exogenous in villages. This is true specif-
ically around the threshold of 8 SHGs (which is the trigger for federation under a VO). I plot
Kaplan-Meier curves that shows the time from formation of the 5Sth to the 6th SHG, 6th to the 7th
and so on across villages in months. I first show this in terms of time to formation of the 6th, 7th,
8th, 9th, and 10th group in the top panel of Figure 1.2. The figure shows it typically takes slightly
longer to form the next group across villages. However, these differences are small, and there is no
difference in the pattern around the formation of the 8th SHG compared to the others (Appendix
Table A.2 shows the pair-wise comparison hazard rates for each consecutive SHG formation which
varies from 5% to 4.6% per month for SHGs 6 through 10 respectively). The bottom panel of Fig-
ure 1.2 below shows the Kaplan-Meier curves for multiples of 8, as well as +/- 3 groups from each
multiple. I plot time to formation of the 8th, 16th, 24th ... group and compare to 3 groups before
and after the multiple of 8. The figure shows almost no differences in the group formation time.

In addition, Appendix Table A.3 shows a comparison of a number of different observable

characteristics for the 8th versus the 9th SHG, 16th versus the 17th SHG and so on, including
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Figure 1.2: Kaplan Meier survival curves for time to formation of groups (months)

(a) Time to formation of the 6th through 10th SHG
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(b) Time to formation around multiples of 8
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Notes: Panel (a) shows Kaplan Meir curves for the time to formation of the 6th, 7th, 8th, 9th, and 10th group across
villages in the Full Sample. Panel (b) shows time to formation Kaplan Meir curves for multiples of 8, as well as +/- 3
groups from each multiple of 8 across villages in the Full Sample.

all multiples of 8 and the next SHG in a village. The observable characteristics shown include

formation dates, caste characteristics of members, number of members, fractionalization, and the
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hamlet of formation. The table shows there are practically no differences (F-test = 1.47). This
analysis rules out the possibility that there is any manipulation in the decision to switch from
below to above eight groups (as well as multiples of eight), after which SHGs are expected to form
a VO.

I primarily show that the rule of eight is approximately followed in the federation process
below when discussing the first stage. In addition, Appendix Figure A.5 plots the mean number of
VOs as the number of SHGs in the village approaches a multiple of 8. The estimated coefficient
for the difference in the number of VOs as the number of SHGs crosses a multiple of eight SHGs
in villages is about 0.4, which implies that the rule is approximately followed.

Third, I show that these processes lead to VO composition that is heterogeneous in caste and

geography. I first discuss caste groups using the fractionalization measure in Equation 1 below

(£).

F,=1-) P2 (1.1)

where P2 is the square of the proportion of caste ¢ in VO v.

I estimate fractionalization scores using the four broad caste categories available for SHG
members (SC, ST, EBC, and Other) for both SHGs and VOs. Figure 1.3 shows the average frac-
tionalization scores for SHGs and VOs, where VOs are ranked by formation date. The SHG score
is the mean fractionalization score of the individual SHGs under a VO, whereas the VO score is
based on the caste of members in all SHGs under a VO. A higher score indicates greater hetero-
geneity and mixing in the larger VO network. The figure shows that VO scores are consistently

higher than SHG scores across all VOs in a village. It is evident that individuals from the same
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Figure 1.3: VO versus SHG fractionalization

Fractionalization at VO versus SHG levels
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1 2 3 4 5 6 7 8 9 10 11 12
VO Rank

Notes: The figure shows mean fractionalization score calculated using Equation 1 using all 4 caste categories at the
VO (blue bars) and SHG (orange bars) level, over VO rank, for the Full Sample.

caste background may self-select into more homogenous SHGs. However, when such groups are
federated under a VO, the average VO level fractionalization is consistently much higher, indicat-
ing much greater heterogeneity and mixing at this level.

I also show that there is mixing in terms of geography; that is, SHGs that are part of VOs
often come from different parts of the village. However, this is synonymous with caste, as caste-
based segregation into hamlets is a key feature of Indian villages. Appendix Figure A.6 shows that
the federation process also brings together SHGs from different hamlets in the village under a VO.

Therefore, both the order of the formation of different SHGs and a rule-based federation pro-
cess helps to de-link VO composition from the underlying caste and geographical characteristics
in the village. In the absence of the program and the federation process, individual members would
typically have not interacted with each other given caste-based geographic segregation and social

norms against mixing in Indian villages. If the federation process adhered more strictly to such
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informal rules of segregation, then, ultimately, VOs with more homogenous caste compositions
would be implemented. And the composition of VOs would have looked similar to the compo-
sition of SHGs. Appendix Figure A.7 shows that the federation process helps to delink from the
underlying SC population in the village. The figure shows that there is variation in the number of

SCs in VOs irrespective of the decile of the baseline SC female population in the 2011 Census.

1.3 Conceptual Setup

This section summarizes a simple model that formalizes the benefits and costs of cross
ethnic-group interactions in VOs in the SHG Program. The model is presented in full in Appendix
Section A.3.

The model examines the trade-offs individuals face when choosing between maintaining
their ethnic identity or adopting a common “Jeevika” identity in the VO, which is the name of
the SHG program in Bihar. Individuals in VOs must weigh the benefits of increased cooperation,
specifically in terms of greater access to loans and participation in additional economic activities
that require scale, against two types of costs of inter-group mixing; coordination costs and antago-
nism with other groups. I assume the share of SCs in a VO is assigned exogenously. Then, based
on these shares, and expectations of the identity chosen by other members - and incorporating ben-
efits and costs - members need to make the choice. Members calculate and compare payoffs for
choosing the common identity versus keeping their ethnic identity. The interesting case is when
higher caste members need to make this choice. The equilibrium analysis offers two predictions.

A key prediction is as the number of SCs in a VO increases, others, for e.g., higher caste

members, are more likely to chose the common Jeevika identity. This can be rationalized as fol-

24



lows. As the number of SCs increase, other VO members are more likely to benefit from adopting
the common Jeevika identity because the economic benefits from scale activities may start to out-
weigh the costs of inter-ethnic group cooperation. Conversely, if a single ethnicity dominates the
VO, the benefits of switching to a common identity diminish because most cooperation gains can
be realized through within-group interactions without incurring the costs of inter-ethnic coopera-
tion.

A second prediction is that better cooperation is likely to emerge when the program or other
policies are able to reduce coordination and interaction costs - for example, through better imple-

mentation of the program or prior exposure between SCs and non-SCs.

1.4 Estimation

I study diversity in VO composition by investigating the presence of SCs, since SCs are the
historically disadvantaged and discriminated group. Specifically, I count the total number of SC
women in all the SHGs under the VO.* Let the number of SC women in VO v in village i be
denoted as N(,);. I consider variation across VOs in a village, and the outcome at the VO level
is denoted by Y(v)i.s I use the number of SCs as treatment due to the following reasons. I am
interested in exploring the impact of any SC presence in the VO on outcomes. Since SCs are a
minority, often times shares of SCs may mechanically be low. Furthermore, network effects may
depend on absolute numbers rather than shares. For instance, even a small number of SCs in a

VO may be sufficient for information transmission and alter decision-making in the VO. Similarly,

“Because SCs are a minority group, both SC presence and fractionalization in a VO increases simultaneously, as
shown in Appendix Figure A.10.

3To construct the outcome at the VO level, I aggregate from the individual member level for producer groups and
from the SHG level for the farmer program. Loan access is only available at the VO level.
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a critical mass of SCs coming together may matter, even if shares are small.® Using OLS, I can

estimate the relationship between outcomes and SCs in the VO by using the following:

Yy = @i + B1Nwyi + X(wyi + Ewyi (1.2)

where «; is village FEs. X(,); are controls for the number of members in the VO, and
a measure of time - either first SHG formation year in the VO or VO ranking in village. €(,);
are standard error terms clustered at the village level. Equation 2 therefore uses within-village
variation in the number of SCs in VOs. Additionally, there may be variation in the number of VOs
across villages. However, the number of VOs in the sample does not vary much (mean and SD are
about 4.1 and 2.6, respectively, as shown in Table 1.1). In addition, village fixed effects capture
the time-invariant features of the village.

I assume variation in N, is variation in quantity formed by individual SC units of the same
“quality”. This means that SCs joining SHGs over time are not very different from each other.
This assumption helps to attribute any effects I observe to changes in number and not “quality” of
SCs. I assume SCs joining SHGs are similar for the following reasons. First, SCs may vary only
by the quantity of sub-castes or types. Villages typically have only a few SC types. Second, SC
female population is on average about 19% of the village female population, so SC subtypes will
have even smaller shares. Third, VOs include SHGs from different hamlets and are therefore likely
to include SCs from the various sub-castes or types.

Next, I discuss why fluctuations in the number of SC women across VO may not be as good

®In the Appendix I show that the results are robust to using SC shares.
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as random. First, in as shown in Figure A.5, program rules are not always followed perfectly.
There are two reasons for deviation. Owing to the large expansion of the program over time,
instead of creating a new VO, the program sometimes incorporated new SHGs into existing VOs
(especially when there were insufficient SHGs to form an entirely new VO). Furthermore, since a
separate team visited the village to create VOs, the capacity and lack of coordination of these teams
introduced variation in when they were able to visit villages. This lead to idiosyncratic delays in
village visits. Although the team still needed to prioritize the seniority of SHGs (i.e. SHGs that had
formed earlier needed to be incorporated more urgently) and the rule of eight SHGs to a VO, one
can still imagine sorting of SHGs in this scenario. For instance, when there are sufficient SHGs
to form multiple VOs, it is conceivable that predominantly SC SHGs may be federated under the
same VO. This was often done for practical purposes so the meeting location for the VO was not
too far away from SHG member households. There is also the possibility of sorting based on other
unobservable socioeconomic characteristics beyond caste. While it is very unlikely that individual
SHGs had much say, in instances where, say, sorting based on caste could have occurred, it may
bias estimates either upwards or downwards - the presence of SCs may reflect greater needs, but
they may also indicate that they have had less experience in livelihood activities.

Given these challenges, I construct an instrument as follows. I utilize the plausibly random
timing of the formation of SHGs by first ordering the SHGs in village 7 by the date of formation.
Then, I denote n;); as the number of SC women in the s-th SHG formed in village ¢, where ny);
refers to the oldest SHG, ny); second oldest, and so on. Similarly, I sort the VOs in the village by
their formation timing, denoting this order as above by (v). Next, I use the prescribed rule of eight
SHGs in the formation of the VO to denote N (*U) ; as the predicted number of SC women in VO v

in village 7. I predict the number of SC women in the first VO from the first batch of eight SHGs
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formed in the village, the second VO from the second batch of eight SHGs formed in the village,
and so on. This calculation takes the composition of SHGs as given and models the corresponding

VO composition based on the rule shown below.

The instrument is calculated for each village 7 and each VO in the formation order v = 1..V/
upto last VO V. Then, the first and second stage regressions are shown below, and can be estimated

using 2SLS:

Nwyi = i + 01Ny + Xwyi + V)i (1.3)
Yy = @i + B1Nwyi + Xw)i + )i (1.4)

—

N 1s instrumented by the expected number of SCs under a VO, ~; and «; are village fixed
effects, X,); are the controls discussed earlier, and v/(,); and €,; are standard error terms clustered
at the village level.

I consider three sets of outcomes that require increasing levels of cooperation among SHGs
under a VO. All outcomes are aggregated to the VO level. First, I consider the ICF fund for which
all SHGs are eligible after about six months of satisfactory performance (i.e., regular meetings,
savings, repayments, etc.). I use a binary indicator at the VO level and interpret any VO that has
received any ICF funds as an indication of basic cooperation among SHGs under the VO.

Second, I explore a set of livelihood outcomes. The Farmer Program (FP) includes the
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adoption of higher-yielding seeds and more sustainable practices, such as reduced water usage.
The main outcome I consider here includes the number of SHGs that have participated in the FP
from the VO. I also show results for additional outcomes including the total area cultivated and
mean crop rotation. Cooperation across SHGs under a VO in the case of the FP is more involved;
it may take the form of either learning from early adopters or deciding to adopt together, and
determine the extent to which social learning of sustainable farming practices spread through the
VO network.

Third, I also study the outcome of participation in producer groups. Specifically, I calculate
the total number of SHG members that are part of PGs from a VO as well the type of PG, i.e.
number of farm vs. non-farm PGs that members participate in. Participating in a PG requires the
most cooperation and coordination. Members need to work together closely, such as deciding on

both the quantities to produce and prices that are acceptable for products to be sold.

1.5 Results

1.5.1 Instrument Validity

The instrument helps to isolate the plausibly exogenous variation based on the timing in
the formation of SHGs in a village combined with the rule of eight in VO creation from other,
possibly endogenous factors, that may have influenced VO composition. The predicted number
of SCs (N, (0)) in a VO is a valid instrument if 1/ it predicts the actual number of SCs in the VO
(N(v)i) and this is the case for each VO that is formed in sequence in the village, and 2/ fulfills
the exclusion restriction, which is that N(*U)Z. only affects outcomes through VO composition (i.e.

number of SCs in the VO), conditional on controls and fixed effects. Although I cannot test for
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Figure 1.4: VO number of SCs: actual vs predicted

(a) Means across Villages (b) Residuals Village Fixed Effects

Number of SCs
Number of SCs

| )

Notes: The figure shows the actual (blue) and predicted (orange) number of SCs for each VO formed in the village
upto rank 12 which covers over 95% of villages. Part (a) shows the means across villages over VO ranks, while part
(b) shows the residuals after removing village fixed effects.

the exclusion restriction directly, I discuss below the program features as to why it may hold and
address concerns of possible violations.

Figure 1.4 shows that the instrument closely tracks the actual number of SCs under a VO over
each VO formed in the village. The blue bars show the mean of the actual number of SCs over VO
ranks across villages, and the orange bars are the predictions from the instrumental variable.

The first stage regressions show that this relationship is strong across several specifications
(Table 1.2). Columns 1 and 2 show the estimation using Equation 3 for the Full Sample and the IV
Sample respectively. The results show that 1 additional SC woman predicted to be part of the VO
yields 0.8 SC women actually present in the VO. The coefficient falls to 0.47 with village fixed
effects (Column 3). Column 4 adds the number of members and year of formation of the first SHG
in the VO as controls. Column 5. uses the village VO rank along with the number of members
as controls. The coefficient is about 0.36 in these columns. The F-statistics are high across all
specifications.

The instrument is also likely to satisfy the exogeneity assumption for a number of different
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reasons. First, as discussed, there is no strategic behavior or differences in observable characteris-
tics for SHGs around the threshold of VO formation. Therefore, when SHGs were formed, there is
no anticipation in terms of which grouping (i.e. VO) they could be a part of. In fact, when SHGs
are formed, members do not know which other SHGs would form after, in which parts of the vil-
lage, or when the VO would be created. In general, it is very difficult for SHG members to predict
how the implementation of the program would unfold, even if SHG members have observed the
program being rolled out in the village. Similarly, there is limited opportunity for any strategic
behavior by program teams who are capacity constrained, visit the village for a short while, form
as many SHGs as feasible before moving to the next village.

Second, I show in Appendix Figure A.8 that the predicted number of SCs in a VO is not sys-
tematically correlated with a number of different village characteristics (within a group of nearby
villages called a Gram Panchayat or GP).” This predicted number is unrelated to characteristics
such as the female population, remoteness of the village, and a set of amenities such as roads,
banks, and schools. The instrument is also unrelated to agriculture in the village such as share
sown or fallow area, as well as the presence of any agricultural marketing society. I also show that
the instrument has no association with baseline levels of female workers as well as female workers
in agriculture.

Third, another concern could be that the program targeted certain VOs to help improve out-
comes, such as those with more SC presence. However, given the large-scale implementation of
the program with approximately 75K VOs created till date, this is unlikely to be feasible from a

program implementation perspective. Furthermore, the loan outcome discussed is available to ev-

"Note that this is partly mechanical, since I generate several VO SC predictions for a given village. However, the
figure helps to perform a sanity check.
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ery SHG and VO, and the livelihood activities are typically offered at a higher level than the VO,
i.e. at the village level. Therefore, all SHGs and VOs in the village are able to participate, and
participation cannot be restricted to specific VOs.

Fourth, once VOs are formed, most decisions with respect to SHG members are typically
first initiated and discussed at VO meetings, which highlights the role of the VO as a central body
for key decisions. For example, all loans to individual SHG members are required to be discussed
and approved in the VO, and money flows through the VO to SHGs. Similarly, the need for
participation in livelihood activities are typically first discussed in the VO - after which the VO can
then request for training and other facilitation and resources from the program. Therefore, one can
imagine that such critical discussions that are typically held first in VO meetings are likely to be
influenced by the composition of VO members as well.

Fifth, I show that SC and Non-SC members that typically participate in SHGs do not have
differences in experiences and preferences with respect to participation in Government programs
or differences in confidence in government officials (see Appendix Table A.4). This alleviates

concerns that SCs might interact with government differently, resulting in differing results.

1.5.2 OLS estimates

Table 1.3 shows OLS estimates following Equation 2 for each of three main outcomes at the
VO level in three panels. Panel A Column 1 shows that a 1 SD increase in the number of SCs in
a VO is associated with a 1.5% increase in the likelihood the VO having received the ICF loan.? 1

show all results using two sets of controls. While Column 1 controls for the first year of SHG in

8The outcome can only be observed at the VO level. However, this is more precisely stated as any SHG in the VO
having received additional funding.
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Table 1.2: First Stage

(D ) 3 “4) S
Number of SCs  Number of SCs  Number of SCs  Number of SCs  Number of SCs
Predicted SCs 0.807*** 0.804*** 0.472%** 0.362*** 0.360***
(0.006) (0.007) (0.013) 0.011) (0.012)
Observations 84151 45840 45840 45840 45840
F-Stat 19244.97 12354.98 1279.22 3564.35 3337.31
Fixed Effects None None Village Village Village
Num GPs 7138 5782 5782 5782 5782
Num Villages 27313 11262 11262 11262 11262
VO Members No No No Yes Yes
First SHG in VO date No No No Yes No
VO Rank No No No No Yes

Notes: The table shows the first stage regressions using Equation 3. Column 1 shows results for the Full Sample and
Column 2 onwards, results are shown for the IV Sample used in the analysis. Column 3 onwards is with village fixed
effects and standard errors clustered at the village level. Column 4 controls for the number of total members and year
of formation of the first SHG in the VO. Column 5 includes the VO rank instead of first SHG formation date as well
as number of members. ***p < 0.01, **p < 0.05, * p < 0.1

the VO, Column 2 controls for the VO rank. The results are typically weaker using the VO rank
as control as it is correlated with the number of SCs in the VO due to the attempts of including
SCs in the program. Columns 3 and 4 divides the sample further into villages that formed their
first VO between 2012-2016 and 2017-2023 to show heterogeneity by timing of VO entry in the
village. The results indicate that VOs with a greater number of SCs are able to cooperate faster in
the short run, as evidenced by higher access in later VO entry village cohorts. Columns 5 and 6
shows similar but smaller coefficients using the VO rank control.

Table 1.3 Panel B shows that participation in the farmer program is not significantly different
with a higher number of SCs in the VO. This may also be due to the fact that SCs do not histor-
ically own much land. I use the (standardized) mean number of SCs in an SHG in the VO as the
explanatory variable, instead of the (standardized) number of SCs in the VO, since the outcome is
the (standardized) number of SHGs that have members who participate in the farmer program.

Panel C Column 1 indicates that a 1 SD increase in the number of SCs in a VO is associated
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Table 1.3: OLS estimation on Key Cooperation Outcomes

Panel A
() (2) (3) 4) (5) (6)
ICF ICF ICF ICF ICF ICF
Number of SCs in VO  0.01581** 0.01473** 0.00623 0.04661** 0.01059 0.02827
(0.006) (0.006) (0.006) (0.018) (0.007) (0.018)
Observations 45840 45840 34102 11641 34102 11641
Cohort Full Sample Full Sample 2012-2016 2017-2023 2012-2016 2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 0.82 0.82 0.86 0.69 0.86 0.69
Panel B
(H 2 3) “4) &) (6)
FP FP FP FP FP FP
Mean SCs in SHGs in VO 0.00105 0.00277 -0.00255 0.01328 0.00001 0.01302
(0.005) (0.005) (0.005) (0.010) (0.005) (0.010)
Observations 45840 45840 34102 11641 34102 11641
Cohort Full Sample Full Sample 2012-2016 2017-2023 2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 3.90 3.90 4.03 3.54 4.03 3.54
Panel C
(1) 2 3) “4) &) (6)
PG PG PG PG PG PG
Number of SCs in VO  0.08544***  0.08187***  0.10197***  0.02288**  0.09742***  0.02142**
(0.013) (0.013) (0.016) (0.010) (0.016) (0.010)
Observations 45840 45840 34102 11641 34102 11641
Cohort Full Sample Full Sample 2012-2016 2017-2023 2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 1.47 1.47 1.87 0.29 1.87 0.29

Notes: The outcome in Panel A is if any SHG in the VO has received an ICF loan. In Panel B, the outcome is the
number of SHGs under a VO that participated in the farmer program (FP). The outcome in Panel C is the number of
members that participated in Producer Groups(PG) from the VO. Number of SCs in VO and Mean SCs in SHGs in VO
are instrumented by the expected numbers in the VO. All variables are standardized. Columns 3 and 4 as well as 5
and 6 further divides the sample by first VO formation date in the village. Columns 1, 3 and 4 controls for first year
of SHG in VO and VO size, whereas Columns 2, 5, and 6 control for VO rank and VO size. All regressions include
village fixed effects and standard errors are clustered at the village level. The dependent variable mean is also shown
in the bottom row. ***p < 0.01, **p < 0.05, * p < 0.1

with an 8% increase in the number of members participating in producer groups from that VO.
Columns 3 and 4 (and 5 and 6) show that here VOs with a higher number of SCs show sustained
cooperation in the longer run i.e. the earlier cohort of villages where VOs were formed shows

greater differences.
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1.5.3 2SLS estimates

Table 1.4 shows the 2SLS estimation using Equations 4 and 5. While the same patterns
emerge as before, the 2SLS results are stronger. Access to the ICF loans is higher between 16-36%
for a 1 SD increase in the number of SCs in the VO, and the differences are again higher for later
village-VO cohorts. Appendix Table A.6 shows that access to other loans related to health and
food security such as the HRF and FSF are also higher for VOs with a greater number of SCs.

Panel B shows impacts in participation in the farmer program, which is indicative of greater
cooperation (compared to receiving loans). While the results are not as strong, particularly when
controlling for village VO rank, the pattern that emerges is that later village VO cohorts exhibit
greater participation with more SCs in the VO (or differences are smaller in earlier village VO
cohorts). This implies that again VOs with more SCs are able to cooperate quicker.

Panel C shows impacts on participation in producer groups which is the strongest form of
cooperation. The impacts are between a 16-24% increase with a 1 SD increase in the number
of SCs in a VO, and impacts are higher for earlier village CO cohorts for VOs with a greater
number of SCs. Furthermore, Appendix Table A.6 shows that these results are driven by greater
participation in non-farm producer groups - an intuitive result since again SCs may own less land.

Taken together, the results imply that VOs with a higher number of SCs are able to cooperate

both sooner and also sustain and build on this cooperation over longer periods of time.
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Table 1.4: Impact on Key Cooperation Outcomes

Panel A
(1) 2 (3) 4) Q)] (6)
ICF ICF ICF ICF ICF ICF
Number of SCs in VO  0.35710***  0.15676***  0.27843***  (0.58878***  0.09748"**  0.34203***
(0.025) (0.025) (0.026) (0.071) (0.026) (0.065)
Observations 45691 45691 33992 11609 33992 11609
Cohort IV Sample IV Sample 2012-2016  2017-2023  2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 0.82 0.82 0.86 0.69 0.86 0.69
Panel B
(D 2 3 4 S (6)
FP FP FP FP FP FP
Mean SCs in SHGs in VO  0.07039*** 0.02503 0.06209***  0.09640** 0.01615 0.05445
(0.020) (0.021) (0.024) (0.040) (0.024) (0.040)
Observations 45691 45691 33992 11609 33992 11609
Cohort IV Sample IV Sample 2012-2016 2017-2023 2012-2016 2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 3.90 3.90 4.03 3.53 4.03 3.53
Panel C
(1) 2 (3) ) (%) (6)
PG PG PG PG PG PG
Number of SCs in VO  0.25192***  0.17880***  0.32062*** 0.04636 0.22873*** 0.02907
(0.039) (0.040) (0.049) (0.034) (0.049) (0.036)
Observations 45691 45691 33992 11609 33992 11609
Cohort IV Sample IV Sample 2012-2016 2017-2023 2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 1.47 1.47 1.87 0.30 1.87 0.30

Notes: The outcome in Panel A is if any SHG in the VO has received an ICF loan. In Panel B, the outcome is the
number of SHGs under a VO that participated in the farmer program (FP). The outcome in Panel C is the number
of members that participated in the Producer Groups(PG). Number of SCs in VO and Mean SCs in SHGs in VO are
instrumented by the expected numbers in the VO. All variables are standardized. Columns 3 and 4 as well as 5 and 6
further divides the sample by first VO formation date in the village. Columns 1, 3 and 4 controls for first year of SHG
in VO and VO size, whereas Columns 2, 5, and 6 control for VO rank and VO size. All regressions include village
fixed effects and standard errors are clustered at the village level. The dependent variable mean is also shown in the
bottom row. ***p < 0.01, **p < 0.05, * p < 0.1
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1.6 Robustness

1.6.1 Other Samples, Specifications

Appendix Table A.7 shows the 2SLS analysis for the Full Sample of nearly 73,000 VOs in
villages in Bihar.® The results are very similar, showing robustness to using the Full Sample.

In addition, I can rule out that the results are not solely driven by a recent set of blocks that
were designated to receive additional livelihood support, by comparing the results in the designated
blocks versus others (see Appendix Table A.11).!°

Appendix Table A.8 shows that the 2SLS estimation for the main outcomes using SC share

in a VO instead of the number of SCs in the VO. These results are also very similar.

1.6.2 Estimation using an alternate strategy

The IV specification compares changes across VO composition within villages over time. I
control for time in several ways: first, as control variables in using either first SHG year in VO and
then the rank of the VO in the village. Second, I also estimate the results separately by village VO
cohorts for villages. Third, I limit the analysis to villages with a maximum of 12 VOs and the mean
and SD is around 3 and 2 VOs respectively. Still, one of the assumptions in the IV specification is
that the type of SCs joining SHGs remain similar over time.

To address this, I use an alternate research design to estimate effects on two of the key

outcomes that are available at the SHG level, participation in the farmer program and producer

This excludes villages with 1 VO and VOs where the instrument was unable to make predictions for all VOs in
the village.

10There were a list of 89 blocks designated as NRETP blocks, with increased focus on livelihoods training in
2020/2021.
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groups. The key motivation is to compare outcomes for SHGs formed closer in time, but that end
up in different VOs (again due to factors such as the timing of formation and program rules for
federation). Therefore, these SHGs (which are formed closer in time but end up in different VOs)
are exposed to a different number of SCs who are now part of their network - based on the other
SHGs in the VO they are federated into. By comparing these SHGs formed closer in time but that
end up in different VOs, I can measure the effect of differential and plausibly exogenous exposure
to other SCs in the VOs they belong to. This specification essentially helps to hold the timing
of formation and, consequently, the types of individuals forming SHGs constant, allowing for the
attribution of outcomes to compositional variation.

I briefly summarize the algorithm below (please see Appendix A.2.1 for further details). I
first arrange VO pairs in a village based on timing of formation, and designate a time boundary for
each pair. I also sort such that the VO with SHGs that have higher mean exposure to SCs in the
other SHGs is on the same side of this (time) boundary. Appendix Table A.12 Column 1 shows
that after arranging VOs this way (i.e., higher SC exposure VOs are placed on the same side), there
is a significant jump of 21.5 in exposure to other SCs in the VO. This difference rises to 23.6 when
I restrict to VO pairs that have at least 1 SHG within the recommended bandwidth of 360 days, as
well as restricting to VO pairs that have at least 3 SHGS in the VO. !

Appendix Figure A.13 shows that most SHG and VO characteristics are mostly balanced
across such VO pairs in villages. However, I do find an imbalance of about 2.3 SCs when moving
across the boundary to a higher SC exposure VO. This reflects the fact that higher SC SHGs
are more likely to be grouped into the same VO. This is unsurprising, in that it reflects program

implementation. SHG creation happened as the team went from hamlet to hamlet and since hamlets

"'This last restriction typically removes SHGs that were placed in a VO in a nearby village.
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are segregated by caste it is also likely that SC SHGs were likely to be placed in the same VO due
to convenience. This imbalance is, however, only about 10% of the first stage jump in exposure of
an additional 23.5 other SCs on average (shown in Column 2 in Appendix Table A.12).

Appendix Table A.13 shows there is no impact in participation in the farmer program (FP)
but a stronger effect on participation in producer groups (PG). For example, I estimate an almost
7% increase in participation by members in a SHG in a PG with a 1 SD increase in exposure
to other SCs in the VO. While this effect is estimated in a different sample compared to the IV
analysis, the pattern of results are similar to the pattern in the IV analysis (see Appendix for details

on the sample).

1.7 Mechanisms

The paper has documented that outcomes typically tend to improve with more SC presence in
a VO network. However, the results do not differentiate between if SC members are only working
with each other or if there is cross-ethnic cooperation. In this section, I first document patterns
that suggest there is also cross-ethnic cooperation. Then I hypothesize two ways in which cross-
ethnic interaction costs may be reduced, and lead to better cooperation outcomes. First, I test if
better implementation of the program leads to better results. I test this hypothesis by estimating
whether outcomes are different across similar villages where some villages had better program
implementation by chance. Second, I test if prior interaction between SCs and non-SCs (before
the SHG program started) might lead to lower interaction costs and greater cooperation. I test this
by comparing villages where the head of the local government was reserved for a SC candidate in

2006 elections - leading to greater exposure to SCs - and compare with outcomes in other villages.
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1.7.1 Do SCs cooperate with non-SCs in a VO?

I first show that outcomes improve monotonically with an increasing number of SCs in VOs
(see Appendix Figure A.9). This pattern is particularly evident in access to loans (ICF) and par-
ticipation in producer groups (PG). I also show 2SLS results separately for non-majority SC VOs
(< 50% SC share in a VO) and majority SC VOs (> 50% SC share in a VO) to confirm that results
are better in the latter VOs (see Appendix Table A.9). However, this pattern of results do not offer
conclusive evidence of meaningful collaboration between SCs and non-SCs, as it could also be the
case that SC members are working with only other SC members to improve outcomes.

Next, I document that patterns of loan distribution are different for VOs with higher and
lower SC presence. Specifically, I use the amount of ICF loan distributed till date to calculate
the amount distributed per SHG per year. Appendix Figure A.11 shows that mean distribution is
higher within VOs with higher than median share of SCs compared to VOs with lower than the
median share of SCs. One possible explanation is that loan distribution is more equitable in VOs
with a higher share of SCs, and could be indicative of differential fairness views and practices in
such VOs (for e.g., as discussed in Almas et al., 2020). Since loan decisions are made jointly in
the VO where there is representation from all SHGs under the VO, this may imply meaningful
cross-ethnic conversations taking place in VO meetings.

However, since this is unobserved, I next look for additional evidence of whether SCs and
non-SC members are working together in ways that also can be observed. I study adoption behavior
in both the farmer program(FP) and producer groups(PG) to detect if there is co-adoption or other
forms of interaction and learning between SCs and non-SC members in the same VO network.

I attempt to distinguish between two forms of how members may learn from each other:
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SHG members may prefer learning together concurrently with other members in the same year
(Raghunathan et al., 2023) or members can learn from the past adoption and outcomes of other
members (Foster and Rosenzweig, 1995, Conley and Udry, 2010). In the FP, I observe the precise
year when SHG members from any given SHG first adopt the program in a VO. However, to
further observe the likelihood of cross-ethnic cooperation, I first designate each SHG in a VO as a
SC majority SHG - designated as SCM SHG (if more than 50% of members in the SHG are SC)
or non-SC majority SHG otherwise i.e., non-SCM SHG. This categorization separates into SC and
non-SC SHGs since SHGs are typically caste homogeneous. Then I study patterns of co-adoption
or learning from past adoption between the SCM and non-SCM SHGs in a VO. Prior research has
shown that SHGs help to establish non-kin ties (Davidson and Sanyal, 2017). Therefore, this is
also a test of technology adoption based on stronger SCM-SCM SHGs ties compared to weaker
SCM-Non-SCM SHG ties (Granovetter, 1973).

I model the first ever adoption of the FP by any member in a SCM SHG in Equation 5. 1
show how this is related to adoption by other SCM and non-SCM SHGs in the VO who are also
adopting for the first time to estimate the likelihood of co-adoption. S(_;),;; counts the number of
other SCM SHGs that also adopts in the same year (¢) in the same VO (v) and village (j) for the
first time and N (_;),;; is the corresponding count for the number of other non-SCM SHGs that also
adopt for the first time.

Additionally, I show how first adoption of the FP by SCM SHGs is related to adoption in past
years by SCM and non-SCM SHGs from the same VO, to show if there is learning from the past
behavior of other SHGs in the VO. S(_;),(t—1) counts the cumulative number of other SCM SHGs
that have adopted the FP by the previous year in the same VO, and N(_;), ;1) is the variable that

counts the number of other non-SCM SHGs. Other VO characteristics, such as the share of SCs
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and VO size may also matter for adoption, and X, ;; controls for these.

The outcome, Y, ;:, is a binary indicator for if SCM SHG 7 in VO v and village j adopts
the FP in year ¢ for the first time. I show results using SHG, village, and year fixed effects, n;,
¢; and 0, and standard errors are clustered at the village level. The fixed effects account for time-
invariant characteristics of the SHGs, and restricts the comparisons to VOs within a village as well

as account for any yearly shocks to the program.'?

wyt 61 —i)ujt +52 —i)ujt +53 —i)vj(t—1) +ﬁ4 —i)vj(t—1) +ijt +5t + 0+ C] + €ivjt (1 5)

Table 1.5 shows the results. Column 1 shows that SCM groups are more likely to adopt the
FP together with other (first-time) SCM groups in the VO. However, the co-adoption with non-
SCM groups is a smaller but positive and significant coefficient. I conclude that this is “revealed”
indication of interaction and cooperation across ethnic groups. This is because there is likely to
be interactions both before - when deciding whether to take up the program - and after, when
individuals have to attend training sessions, collect inputs such as seeds, etc, together.

Column 2 shows the likelihood of first time adoption based on other SCM and non-SCM
SHGs in the VO having adopted the FP by the previous year. This learning model also suggests
learning is likely to be greater from SCM SHGs compared to Non-SCM SHGs. As with co-
adoption in the same year, the coefficient (i.e. learning) is higher when SCM SHGs have adopted
previously. However, the co-efficient on the adoption by other non-SCM SHGs is again positive

and significant, which is indicative of cross-ethnic cooperation.

121 restrict the sample for estimation to VOs with at least 2 SCM SHGs and 2 non-SCM SHGs.

42



Column 3 combines these two models, and the results suggest that learning together (i.e.,
co-adoption in the same year) is more likely be observed and influential than learning from the
past adoption of others. Taken together, adoption of the FP for the first time for SCM groups is
more strongly correlated with other SCM SHG adoption in the current and past years; however, |
cannot rule out a correlation and thus, cooperation, with adoption of the FP by other ethnic groups
in the same and past year in the VO.

It is important to note that this analysis is not causal, because of the simultaneity in take-up
in the same year (or what is often called the reflection problem) as well as other unaccounted for
characteristics or environmental factors that may affect the adoption behavior of SHGs in a VO
(Manski, 1993).

I also document cooperation across ethnic groups in participation in Producer Groups. Ap-
pendix Figure A.12 shows that there are high levels of co-participation from the same VO, by both
a SCM group member and a non-SCM group member. This is true across all levels of SC presence
in the VO, though it mechanically becomes more likely as the number of SCs in the VO increase.
Overall, almost 50% of VOs that have a SCM and non-SCM SHG and that have any participation
in producer groups, have both a SCM and non-SCM SHG member participating together in the

same producer group. I treat this as evidence of cooperation between ethnic groups.

1.7.2 Do conditions for interaction matter?

Next, I discuss two scenarios where specifically the costs of interaction across ethnic groups
are lower. First, I investigate whether program implementation, where better implementation may

create better conditions for interaction, matters (Allport, 1954). Program implementation here es-
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Table 1.5: Peer-Effects in participation in the Farmer Program

) @) 3)

FP adoption  FP adoption FP adoption

SCM SHG adoption by others in VO (current year) 0.08797*** 0.09176***
(0.001) (0.001)

Non-SCM SHG adoption by others in VO (current year) 0.05818*** 0.05512***
(0.001) (0.001)

SCM cumulative adoption by others in VO (prev year) 0.00812***  0.04017***
(0.001) (0.001)

Non-SCM cumulative adoption by others in VO (prev year) 0.00421***  0.00313***
(0.001) (0.001)
Observations 953699 824030 824030

Notes: The analysis is restricted to the first year of takeup of the FP program by a SCM group. All regressions include
SHG , village, and year fixed effects as well as VO characteristics of SC share and number of SHGs in VO. Standard
errors are clustered at the Village level. The sample is restricted to VOs with at least 2 SC majority SHGs and 2
non-SC majority SHGs. p < 0.10, ** p < 0.05, *** p < 0.01

sentially means better fidelity and adherence to implementation, for instance, in ensuring there
is adequately trained staff. The SHG program in India was first piloted in Bihar across 55 sub-
districts or blocks in 9 districts between 2007-2011 (Government of Bihar, 2011). It has been
discussed in different papers that implementation was better in these earlier pilot blocks with ad-
equate resources and monitoring (for e.g., Attanasio et al., 2023). However, the pilot did not
include all villages in these early blocks. Therefore, I compare if outcomes are different between
the remaining villages in these early blocks, and villages in the other remaining or later blocks in
the same 9 districts. The key idea is that program staff in these earlier blocks are more likely to
have gained prior experience - and may help out, either directly or indirectly, in further program
implementation in the remaining villages in these blocks. Alternatively, other best practices with
respect to implementation and monitoring may be more easily applied to the remaining villages in
the early blocks through other mechanisms. It is important to note however that there was no other

differences in program expansion in pilot versus non-pilot blocks barring staff experience that may
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be shared - for example, there is no difference in the timing of expansion of the program.

Appendix Table A.10 shows that the earlier and later block villages are, overall, not very
different on Census 2001 characteristics. There are a few small differences - it appears that the
initially the program was pilotted in smaller villages that were closer to towns for instance, but
most of these differences in characteristics are small. However, because of a few differences, 1
calculate village level propensity scores and corresponding inverse probability weights based on
a few key characteristics such as total population, SC population and number of women working.
Table 1.6 shows the results of the IV analysis separately for VO outcomes in the remaining villages
in these early blocks and villages in the later blocks in the 9 districts. All 3 outcomes are higher in
the left over early block villages. The results suggest that program implementation, and therefore
better conditions under which inter-ethnic group interactions occur may matter.

Next, I discuss a policy for local elections in Indian villages that may have altered the con-
ditions for interaction between SCs and others. Bihar’s rural local governments are organized into
Gram Panchayats (GPs), a group of about 4-5 villages. Since 2006, Bihar has implemented a fixed
10-year cycle of political reservations in GPs. This includes GPs where the local government head
position is reserved for a SC candidate. I look at GPs where reservations were introduced in 2006
for SCs, before the rollout of the SHG program, and exclude GPs that were reserved for SCs in
2016. The key intuition here is that individuals in these villages may have had greater exposure
to SCs (for example, at regularly held local government village meetings). Can this policy have
reduced the costs of inter-group interactions through greater exposure to SCs?

Table 1.7 shows that while there is no difference for receiving the ICF loan, villages that
were reserved for SCs in 2006 had greater participation in both the farmer program and producer
groups, i.e., the outcomes that require more longer term cooperation are higher in these villages.
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Table 1.6: Early vs Late Block Villages: 2SLS results

ey 2) 3) “4) &) (6)

ICF ICF FP FP PG PG
Number of SCs in VO 0.49575***  0.30646*** 0.41651 0.33499**

(0.187) (0.067) (0.371) (0.139)
Mean SCs in SHGs in VO 0.16712 -0.09734
(0.138)  (0.062)

Observations 1399 7124 1399 7124 1399 7124
Early Block Yes No Yes No Yes No

Notes: The table shows 2SLS results for VOs in early and late blocks in the early districts in the IV sample. The
outcomes are if any SHG in the VO has received an ICF loan in Columns 1 and 2, the number of SHGs under a
VO that participated in the farmer program (FP) in Columns 3 and 4 and the number of members that participated in
Producer Groups(PG) in Columns 5 and 6. Number of SCs in VO and Mean SCs in SHGs in VO are instrumented by
the expected numbers in the VO. All variables are standardized. All columns control for first date of SHG in VO and
VO size. Regressions are weighted using inverse probability weights based on total population, SC population and
number of women working. All regressions include village fixed effects and standard errors are clustered at the village
level. ***p < 0.01, **p < 0.05, * p < 0.1

Table 1.7: SC Reservations and Outcomes: 2SLS results

(1) 2 3) “4) 5 (6)

ICF ICF FP FP PG PG
Number of SCs in VO 0.36635***  (0.35692*** 0.41347***  0.22524***

(0.055) (0.034) (0.092) (0.054)
Mean SCs in SHGs in VO 0.07697*  0.05334*
(0.039) (0.029)

Observations 7810 29768 7810 29768 7810 29768
SC Reserved Yes No Yes No Yes No

Notes: The table shows 2SLS results for VOs in GPs that were reserved for SCs in 2006 and those that were not. It
excludes GPs reserved for SCs in 2016. The outcomes are if any SHG in the VO has received an ICF loan in Columns
1 and 2, the number of SHGs under a VO that participated in the farmer program (FP) in Columns 3 and 4 and the
number of members that participated in Producer Groups(PG) in Columns 5 and 6. Number of SCs in VO and Mean
SCs in SHGs in VO are instrumented by the expected numbers in the VO. All variables are standardized. All columns
control for first date of SHG in VO and VO size. All regressions include village fixed effects and standard errors are
clustered at the village level. ***p < 0.01, **p < 0.05, * p < 0.1

The results are suggestive that prior exposure to SCs may reduce costs of interaction and improve

outcomes.
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1.8 Discussion

The SHG literature suggests that there are several benefits for members beyond access to
finance, such as the building of social capital through increased interactions (Diaz-Martin et al.,
2022). However, given the scale of the SHG program in India and the prescribed federation pro-
cess, there is further potential to bring together SHGs comprised of different ethnicities to over-
come traditional ethnic barriers and allow for exchanges of new information (Sanyal et al., 2015,
Davidson and Sanyal, 2017, Kochar et al., 2023). This paper demonstrates that networks with
greater representation from marginalized SCs, and therefore greater diversity, lead to better eco-
nomic outcomes across a range of economic activities. The results reveal a consistent pattern: VOs
with higher numbers of SC members demonstrate better cooperation across increasingly complex
forms of cooperation. The effects on both access to loans and producer groups are large and
demonstrates this.

The heterogeneity in effects across different village cohorts based on when VOs were first
introduced provides additional insight. For basic cooperation measures such as loan access, newer
VOs with more SC members perform better, suggesting that they can establish functional forms
of cooperation more rapidly. Similarly, for more complex, long-term cooperation such as pro-
ducer group participation, the effects are stronger among earlier VO village cohorts, indicating
that networks with more SCs are also able to sustain collaboration in the medium term.

The paper further investigates why VO networks with more SC members and greater diver-
sity might perform better. When SC members constitute a larger presence within VOs, they appear
to be better able to advocate for their needs to participate in economic activities which is consis-

tent with collective action and learning within a minority group (Afridi et al., 2024). However,
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further analysis of peer effects in the VO networks reveals that while SC members clearly benefit
from the presence of other SC members, cooperation extends beyond ethnic boundaries. Adoption
patterns in the farmer program suggest that SC-majority groups prefer learning together with other
SC groups through co-adoption of the program in the same year (Raghunathan et al., 2023) - how-
ever, engagement with non-SC groups within the same network cannot be ruled out. More broadly,
the evidence demonstrates that ethnically diverse networks, when properly structured and incen-
tivized, can enhance cooperation. The results suggest for instance that implementation quality, and
correspondingly the conditions under which ethnic interactions occur may matter, as outcomes are
typically better when this is the case. The paper, therefore, lends further empirical support to the
contact hypothesis (Allport, 1954).

Many governments implement SHG programs around the world, especially in Asia and
Africa, to address financial barriers for women and marginalized groups (IPA, 2025). The findings
have implications for the design of such programs. The results in the paper imply that it is feasible
to bring together individuals from segregated rural communities into larger networks in an insti-
tutional environment that actively supports cooperation. For instance, the high participation rates
in livelihood activities suggests that the economic benefits achieved through greater economies of
scale may exceed any costs of cross-ethnic interaction. The participation in producer groups is a
good example. Research has highlighted the possibility of expanding the benefits beyond informa-
tion exchange on livelihood activities to expanding “market capital” i.e. expanding both production

and market access because of the scale economies that are now feasible (Greif and Tabellini, 2017).
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Chapter 2: The Impact of Women’s Self Help Groups on Political Entry: Evi-

dence from India

Iman Sen and M.R. Sharan

2.1 Introduction

Leaders influence economic development and growth (Jones and Olken, 2005). However,
even when democratically elected, leaders tend to be overwhelmingly male and from elite back-
grounds. For instance, in the United States, under 30% of 2023 senators were women, and nearly
80% of congress members were non-Hispanic white (Pew Research Center, 2023). Thus, increas-
ing representation from disadvantaged groups remains a global challenge for democracies. This is
arguably more important for disadvantaged minorities in developing countries, who often face sig-
nificant entry barriers. In India, the setting of this paper, women occupy 13% of seats in parliament
(Ministry of Parliamentary Affairs, Government of India, 2023).

Collective action is often seen as a means for under-represented groups to amplify their
voice and influence decision-making (Banerjee et al., 2007). One vehicle for collective action —
women’s self-help groups (SHGs) — has gained popularity in the developing world (Brody et al.,
2017; Gugerty et al., 2019). SHGs are fora where poor rural women come together in small groups
to collectively lend and borrow from each other. A vast literature shows that SHGs improve finance
and livelihoods for women and their households, expand women’s social networks and empower

them (Hoffmann et al., 2021, N. Kumar et al., 2019). Moreover, (Prillaman, 2023a) shows that
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SHGs also enhance women'’s political participation in village meetings and other public platforms.
Yet, the explicit connection between SHGs and political entry is unexamined.

In this paper, we study if SHGs spur political entry in local village-council — Gram Panchayat
(“GP”) — elections in Bihar. Bihar, with over 120 million people, is one of India’s largest states
and is also among its poorest. Its SHG program, Bihar Rural Livelihoods Project (more commonly
known as “Jeevika”) was launched in 2006 and has established over 1 million SHGs to date, with
over 12 million women. Jeevika, part-funded by the World Bank, is among the most celebrated
SHG programs in India and has formed the basis for state-run SHG models adopted in other states
in India and elsewhere in the world (WB, 2017).

Jeevika primarily targeted women from historically marginalized Scheduled Caste (SC) house-
holds (Sanyal et al., 2015).! SCs comprise a set of heterogeneous castes at the bottom of the
caste hierarchy, facing severe discrimination and economic disadvantage (Pande, 2003; Thorat and
Newman, 2007). These households experience poorer health, education, and mortality outcomes
(Deshpande, 2011). As aresult, political representation among SCs is limited in open seats, even in
local elections where entry costs are lower. Even in Bihar, which boasts a robust local democratic
system, with over 8000 GPs and directly elected GP head positions, and quotas for women and
SCs (called “reservations”), nearly 80% of SC candidates contest from reserved seats (C. Kumar
and Sharan, 2024).

We develop a simple model of political entry to clarify how SHG participation and caste
reservations shape incentives of SC households to contest local elections. Building on the valence-

based framework of (Dal B6 and Finan, 2018), the model treats entry as a household-level decision

!'Surendra, 2024, documents the high take-up of Jeevika among SCs in Bihar and notes: “[J]eevika’s recruitment
process ... targeted poor women, particularly those from Dalit [SC]/Adivasi [ST] households.” Here, we focus only on
SCs and not Scheduled Tribes (STs) because there are very few STs in our sample. Our results are robust to including
STs.
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driven by expected benefits relative to fixed campaign costs. A household’s valence—determined
by its wealth, education, and sub-caste (jati) size—increases its likelihood of winning. SHG
membership raises this likelihood by expanding networks, providing financial support, and en-
abling members to demonstrate leadership.? Reservation policies further increase win probabili-
ties by limiting competition to other SC candidates. Together, these factors lower threshold for
entry, leading to more SC candidates—particularly from poorer, less-educated, and smaller sub-
castes—contesting elections in GPs with both SHG presence and reservations (henceforth SHG +
Reserved GPs).

We rely on the randomized controlled trial (RCT) evaluated in (Hoffmann et al., 2021) to
causally measure effects of SHGs on political entry of SCs. The RCT, conducted by the World
Bank alongside the Bihar government, randomized SHG presence over 179 GPs. SHGs were
introduced two years earlier in treatment GPs in 2012 compared to control GPs in 2014. We
measure effects on political entry of SCs in the 2016 GP elections.

We report several findings. First, treated GPs see an increase in SC candidates and SC women
candidates by 79% and 126% respectively. Moreover, using randomization as an instrument for
the number of groups formed, we find an additional SC (SC woman) candidate emerges for every
22.2 (38.5) groups formed. On average, GPs in Bihar in 2015 have just over 50 SHGs.

Second, treatment effects appear to be driven by GPs reserved for SCs (i.e., SHG + Reserved
GPs). The interaction between treatment and reservation yields a large (3.34 additional candidates
or 222% increase) and statistically significant effect (at the 10% level of significance). Since

reservation is not randomly assigned, we confirm our findings using an empirical strategy that

2In their work documenting Bihar’s SHG movement, Sanyal et al., 2015 quote women SHG members themselves
saying: “Jeevika does help build leadership skills and instills confidence in us to handle a community.”
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combines the RCT (for SHG formation) with a regression discontinuity design (RDD) for SC
reservation. The RDD leverages the rule used to assign GPs to SC reservation, as detailed in (C.
Kumar and Sharan, 2024). Within each block (a subdistrict in India and a cluster of about 15 GPs),
there exists an SC population threshold: GPs with SC population above this threshold are usually
reserved for SCs, while those below it are almost never reserved.

Third, consistent with model predictions, we find that SHG + Reserved GPs encourage en-
try of candidates who are ex ante more marginalized. To test this, we match data on candidates
(N=2108) with data on all citizens in experimental GPs using the 2011-12 Socioeconomic Caste
Census (SECC). Candidates are string-matched to citizens based on various characteristics, includ-
ing name, guardian’s name, age, caste, and sub-caste (proxied by last name). This method allows
us to trace 1287 out of 2108 candidates from the candidate dataset. SECC data enables us to calcu-
late an asset index for each household, which serves as our primary measure of candidate wealth.
Information on candidates’ education levels is obtained from their election affidavits. Additionally,
we use the SECC to estimate the size of each candidate’s sub-caste. For each candidate, we create
a standardized index of marginalization based on education, asset wealth and size of sub-caste.
Candidates’ in SHG + Reserved GPs score lower on the index: for every 100 additional groups,
the index falls by 0.69 standard deviations (SD).

We provide evidence for three mechanisms. First, we show treatment influences voter
turnout, with a 9.3% increase in the number of votes polled in SHG + Reserved GPs. This suggests
that SHG women may be leveraging their expanded networks to mobilize voters more effectively.

We next argue that entry is driven by both SHG members and leaders, with households being
pivotal to entry. We match SHG rosters to candidate lists and to the SECC (to identify candidates’

households). We find that treatment causes greater entry among both SHG women members and
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SHG leaders, with effects larger in SHG + Reserved GPs.?

Widening the scope to households, we find that a large share of candidates come from SHG
households: among women, 39.6% of candidates in control GPs come from a household with
at least one SHG member. This increases by 11.5 p.p. in treatment (to ~51.1%). In line with
our theory and main findings, we find that both male and female candidates come from SHG
households, with slightly more men than women in absolute terms.* Finally, SHG leadership spurs
entry at an even greater rate than membership: SHG-leader households produce twice as many
candidates in treatment as in control.

Third, we ask whether longer exposure to the SHG program affects entry. We use a separate
dataset that records the year SHGs first started in every GP in Bihar. Our design combines (i) an
event-study—style measure of exposure (years since SHG start) with (i1) the RDD that varies SC
reservation status. The results are clear for unreserved GPs: additional exposure does not raise
entry. In reserved GPs, we see suggestive evidence of a positive gradient—entry tends to increase
with more years of SHG exposure—but estimates are imprecise. These results — covering a much
larger sample of GPs in Bihar around the cutoff for SC reservation and spanning the entire length
of the program’s existence — also provides valuable external validity to the RCT findings.

We next turn from candidacy to winning. The additional candidacy induced by SHGs are
concentrated in SHG + Reserved GPs, where the caste of the winner is mechanically fixed as
SC. Accordingly, we do not see changes in the caste profile of elected officials. But even within
these reserved contests, one might expect SHGs to shift who emerges victorious toward candidates

from poorer households, smaller sub-castes, or with less education. We find no evidence of such

3The share of female candidates matched to SHG members is 12.1% in treatment vs. 6.3% in control.

4This is driven by more males contesting overall. However, the rates of entry are slightly lower among men than
women: in control GPs, 32.9% of male candidates come from SHG member households, increasing by 8.6 p.p. in
treatment (to ~41.5%).
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changes. In line with this, we do not observe improvements in downstream outcomes such as
public goods provision or workfare outcomes.

While winner profiles remain unchanged, we see some persistence in political entry. In the
2021 elections, more SC women continue to contest, though effect sizes are smaller. A plausible
explanation for this persistence lies in program performance: treated GPs continue to have more
SHGs than control GPs, and these groups remained better-functioning through 2024-25.

Our paper makes three broad contributions, to the literatures on political entry, political
reservations and SHGs.

We are the first paper to show an explicit link between SHGs and political entry. The current
literature shows that SHGs have the potential to increase participation in local village government
meetings, encourage women'’s collective action, and consequently, through sustained political ac-
tion, provide them with the means and agency to challenge existing patriarchal norms (Prillaman,
2023b, S. Das et al., 2019, N. Kumar et al., 2019). Our primary contribution is demonstrating that
this increased agency (Sanyal et al., 2015) — especially in conjunction with reservations — extends
to greater involvement in formal political participation in the form of contesting local elections.
We deepen our contribution by delineating mechanisms: improvements in turnout and the democ-
ratization of the candidate pool caused by a lowering of entry barriers.

A vast literature studies how political reservations in local government fundamentally alter
women’s and SC/STs political entry and consequent downstream outcomes (Chattopadhyay and
Duflo, 2004, Chin and Prakash, 2011, Beaman et al., 2009 C. Kumar and Sharan, 2024, Gulzar
et al., 2023, Chauchard, 2014). This paper highlights a complementary mechanism that amplifies
the effects of formal institutional design: informal collective organization through self-help groups

(SHGs). We show SHG formation enhances the entry effects of SC reservation, jointly expanding
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the pool of entrants and reshaping who runs for office. In reserved GPs with SHGs, candidates tend
to be less educated and from poorer households, suggesting that informal mobilization can deepen
the inclusiveness of formal affirmative action. In doing so, the paper contributes to a growing
literature on the democratic entry of different types of households into electoral politics under
reservation (Bamezai et al., 2024).

Our research also contributes to a broader literature studying SHGs and their impacts on
participating individuals and the community (Diaz-Martin et al., 2022). SHGs have been shown
to improve a wide range of financial outcomes, including access to credit with lower interest rates,
boosting savings, and boosting household income through various channels, including wage la-
bor, self-employment, participation in NREGA, and providing a cushion against weather shocks
(Deshpande et al., 2023, Deshpande and Khanna, 2021, Demont, 2022, Hoffmann et al., 2021,
N. Kumar et al., 2019, Pandey and Gupta, 2019). Importantly, the literature has also shown that
participating in SHGs can empower members, increasing both their bargaining power within the
household but also social networks and connections within the village (Kochar et al., 2022, N. Ku-
mar et al., 2019). We show in conjunction with reservations, SHGs allow for more candidates to

run, and increase overall voter turnout, leading to more vibrant local elections in general.

2.2 Institutional Background, Data, and Sample Selection

2.2.1 Self Help Group (SHG) program in Bihar

Bihar is among India’s poorest states, with over 130 million residents and persistently low
levels of income and human development. To address rural poverty, the Government of India

launched the National Rural Livelihoods Mission (NRLM) in 2012, building on earlier NGO-led
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efforts. In Bihar, the program— called Jeevika—was piloted in 8 districts between 2007 and 2011
and scaled up statewide thereafter. Bihar currently includes over 12 million members as part of
just over 1 million SHGs.’

The SHG model mobilizes 10-15 women from poor households, particularly from SC and
ST groups, into savings and credit groups. These groups pool savings and access public funds:
an initial grant of Rs.15,000, followed by additional grants up to Rs.50,000, contingent on regular
meetings, savings, and repayment performance (Datta et al., 2018; Kochar et al., 2022). These
funds are a critical source of low-cost credit in a context where formal financial access remains
limited.

Beyond financial inclusion, SHGs offer platforms for leadership and collective action. Over
time, groups are integrated into a federated structure—Village Organizations (VOs) and Cluster
Level Federations (CLFs)—through which select members take on governance roles. These po-
sitions expose women to new skills in coordination and communication, while expanding their

networks and influence within the community.

2.2.2 Local Government and Political Reservation in Bihar

Bihar’s rural local governments are organized into Gram Panchayats (GPs), each serving
around 12,000 people. Each GP is divided into an average of 13.6 wards. Voters directly elect
two tiers of local representatives: the Mukhiya (GP head) and ward members (WMs), one for each

ward. Bihar has over 8,000 GPs and more than 100,000 elected WMs.

SNumbers were accessed from the NRLM website in March 2024:
https://nrlm.gov.in/shgOuterReports.do?methodName=showShgreport
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Reservations

Since 2006, Bihar has implemented a fixed 10-year cycle of political reservations in GPs.
Seats for GP heads and WMs are reserved for SCs, STs and Extremely Backward Classes (EBCs)
in proportion to their population share. Within each caste category— including caste unreserved
seats—up to 50% of seats are further reserved for women. The first reservation cycle covered

2006-2016, and second covers 2016-2026.

Reservation Algorithm

We exploit SC reservation status of GPs in Bihar during the 2016 local elections. Within
each block, GP head seats are reserved for SCs based on the GP’s SC population. This creates a
block-specific population threshold: GPs above the cutoff are typically reserved, while those below
are not. We follow (C. Kumar and Sharan, 2024) and construct a running variable based on SC

population. Further details are provided in Appendix Section B.4.

2.2.3 Data Sources and Samples

We draw on multiple data sources, grouped into three categories: SHG program data, politi-

cal participation data, and GP-level characteristics.

SHG Program Data We use two sources:

* Administrative data from Jeevika, covering all 8,392 GPs from 2007-2022. It includes group

formation dates, member counts, and caste composition.
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* Scraped data from the National Rural Livelihoods Mission (NRLM) website, covering 9.9
million SHG members. This includes names, caste, GP location, and father/husband names,
and names of leaders (President and Secretary) of VOs/CLFs. Appendix Figure B.1 shows

program-expansion over time.

Political Entry Data We use publicly available data from the 2016 GP elections, covering 7,792
of 8,392 GPs. This includes candidate names, caste, gender, education, age, votes received, and
winner. Reservation (for SC, ST, OBC, and women) is also included. We use data from the 2006
elections for control variables and 2021 elections to examine persistence. Ward-level election data

is available for 109,352 wards across 8,093 GPs. Summary statistics are in Appendix Table B.1.

GP-Level Characteristics We supplement the above with:

* 2011 Population Census: We create control variables that we add to our main regressions.

* 2012 Socio-Economic and Caste Census (SECC) data: we match political candidates to
SECC and back out (a) household wealth and (b) sub-caste size of candidates. We are able
to find about 61% of our candidates. Household wealth is based on PCA asset score of: land;
the type of roof (concrete or not) and walls (whether made of burnt brick or concrete) of the
main dwelling room; whether the house has four or more rooms; whether the household has
a phone; and whether the household owns a vehicle. We proxy for sub-caste by surname

size.®

* Mission Antyodaya data: This dataset - accessed via the SHRUG platform - provides us

®In rural Bihar, surnames are more strongly linked to sub-castes than in many other regions. To address ambiguity,
we cross-check paternal surnames and restrict matches to within broad caste groups (see C. Kumar and Sharan, 2024).
These steps help mitigate concerns about using surnames as a proxy for sub-caste identity.
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with downstream village infrastructure outcomes (Asher et al., 2021). Outcome variable

descriptions in Table B.15.

Samples Used

We rely on two main samples:

* Experimental Sample: Based on Hoffmann et al., 2021, this includes 89 GPs where the

SHG program began in 2012 (treatment) and 90 GPs where it began in 2014 (control).

* RDD Sample: A larger sample based on the SC and female reservation thresholds. For
SC reservations, we use block-level SC population cutoffs following (C. Kumar and Sharan,
2024). We construct an analogous running variable for female reservations. Appendix Figure

B.5 shows the resulting discontinuities.

2.3 Basic Conceptual Framework

In Appendix section B.3, we present a simple model that formalizes our intuition about how
SHG participation and caste reservations influence the political entry of SC households. Below,

we summarize the structure and key predictions.

Model set-up We formalize political entry as a household-level decision, drawing on the valence-
based framework of (Dal B6 and Finan, 2018). We focus on households owing to previous work
from similar settings emphasizing the central role of households in political participation and entry
(Bamezai, 2025; Prillaman, 2023b). Moreover, as we show later, SHG-linked households put

forward both male and female candidates (see Section 2.5.3). Each household decides whether to
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field a candidate by comparing expected benefits of holding office with a fixed cost of campaigning.
A household’s valence, or electability, is a function of its wealth, education, and the size of its sub-
caste vote base. Two policies shift the probability of victory, and thus affect decision to enter.
First, caste reservation lowers effective competition by limiting the candidate pool to other SC
households, mechanically increasing the chances of victory. Second, SHG participation—though
limited to women—can benefit the household as a whole by easing financial constraints, expanding
local networks, and offering members a platform to demonstrate leadership. Both policies therefore

affect the likelihood that an SC household will choose to field a candidate.

Model predictions The model yields two central predictions. First, political entry among SCs
should increase in GPs where SHGs are active, and rise even further in SHG GPs that are also
reserved for SCs. Second, because both SHGs and reservations lower the effective threshold for
entry, new entrants will be households that would not otherwise have contested. These marginal
candidates are likely to be more marginalized: less educated, from poorer backgrounds, and from

numerically smaller SC sub-castes.

2.4 Results from the RCT

2.4.1 Empirical Strategy

To study the impact of exposure to SHGs on political entry, we first use the RCT sample to

estimate:

Y; = B, + BiTreated; + C; + pw; + ¢; (2.1
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where Y; is the number of SC/SC women candidates running for the GP head position in
the 2016 elections. T'reated; is an indicator variable for the earlier randomized introduction of
the SHG program in 2012 (control group accesses SHGs in 2014). Controls, C;, include: GP and
SC population, area, distance to nearest town, and if the GP was reserved in the past for women.
The original RCT design included randomizing within 85 pair-wise strata, pw;, with most strata
including 2 GPs and a few including 3 GPs.

Next, we use the additional variation in the formation of groups (num_shg;) by 2015, and

instrument the number of groups formed with (Treated;).

num_shg; = ag + a;Treated; + C; + pw; + v; 2.2)
Y, =06y + Bmu@hgi + C; + pw; + € 2.3)

Our next specification estimates separately the interaction effect of SHGs and reservations,

R; (for SCs):

Y; = B, + P1R; + BoTreated; + B3 R;Treated; + C; + b; + €; (2.4)

where T'reated; is either an indicator for earlier introduction of SHGs or (instrumented)
number of groups. In this specification we use block fixed effects b; since the RCT treatment and
control samples were also balanced within blocks by design but using the pairwise strata would be
too restrictive for including reservations (and interactions with reservations).

Additionally, we show results that instruments for reservation status using the SC population

of the GP being above a threshold. We refer to this design as an RD-RCT design. Below, we
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describe the fuzzy RD design.

R, =ag+ 0411<P0pi > Tb) + OJQ(POpi — Tb)"—
(2.5)

as(Pop; — Ty,) * 1(Pop; >=T,) + C; + b; +n;

Y; = B, + BiR; + BoTreated; + B3 R;Treated; + C; + b; + €; (2.6)

Here 7, is the population threshold above which GPs are reserved for SCs (see Appendix
Section B.4 for a long discussion on the reservation rule, including thresholds for SC female reser-

vation).

2.4.2 Threats to validity

Both compliance with the SHG program and balance of covariates in this experimental sam-
ple are robust and discussed in (Hoffmann et al., 2021). If treatment affects outcomes independent
of the number of groups formed, then the exclusion restriction could be violated. We still use the
instrument because of the small RCT sample, and since group formation appears to be helpful in

capturing important variation.

2.4.3 Effect on SC and SC women candidates

We first present the relationship between SHGs and political participation following Eq. (2).
Table 2.1 shows results for all SC candidates in the top panel. Col 1 shows that, on average, 2.2
more SC candidates ran in the 2016 local elections in treated GPs. Col 2 uses the number of SHGs

formed as the explanatory variable, following Eqgs. (3) and (4), and shows that 1 additional SC
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candidate runs for every 22 SHG groups formed. Col 3 restricts the sample to unreserved areas (i.e.,
not reserved for SC, women, or OBC) and finds no additional SC candidates running in GPs that
received the program earlier. Col 4 follows Eq. (5), showing 2.3 additional SC candidates running
in SC-reserved GPs with earlier SHG rollout, though the effects are not statistically significant.’
Col 5 uses Egs. (6) and (7). This “RD-RCT” specification shows 3.4 more SC candidates (p =
0.08) in SHG + Reserved GPs. In both Cols 4 and 5, the coefficient on Treatment—representing
SHG effects in unreserved GPs—is small, negative, and statistically indistinguishable from zero.

We now study SC female candidates. The bottom panel of Table 2.1 shows stronger results,
as few SC women otherwise run in local elections. Col 1 shows that 1.2 more SC female candi-
dates ran in treatment GPs (p = 0.05), an increase of 126%. Similarly, Cols 4 and 5 show larger
coefficients in SHG + Reserved GPs: about 3.7 (p = 0.09) and 4 (p = 0.1) more SC female candi-
dates, respectively. Appendix Table B.2 shows results for both SC and ST candidates: if anything,
treatment effects are even stronger.®

Given the small RCT sample, we compute randomized inference p-values. We estimate p-
values of 0.04 and 0.064 for SC and SC female candidates, respectively, consistent with the original
results.

In Table B.4 Col. 1 and consistent with expectations, we show that there are nearly 4.6
additional candidates running in treated GPs that are reserved for both SCs and women and the
results are statistically significant.’ In Table B.6, using Eq. (2) as a placebo test, we show more

candidates do not run in other caste/gender categories not targeted by the program. Consistent with

"The number of SC-reserved GPs in the RCT sample is 32.

8We show outcomes for all female candidates using the same specifications (replacing SC with female reservations)
in Appendix Table B.3.

9We show these results in the Appendix as the number of GPs reserved for both SCs and women in the RCT sample
is small.
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the idea that ward-level posts offer limited benefits, we find no effects on political entry in ward

elections.'?

2.4.4 Effect on Winners

We now examine whether treatment affects the pool of winners. We look at the education,
wealth score, and sub-caste of the winning SC candidate. Figure 2.2 shows no effects in treated or
SHG + Reserved GPs on the winner’s age, education, or asset score. Overall, treatment does not

change who wins elections.!!

2.5 Mechanisms

The results above underline our main finding: we observe an increased number of SC candi-

dates in SHG + Reserved GPs. What explains this?

2.5.1 Effects on Candidate Pool

We examine whether candidate characteristics differ in SHG + Reserved GPs. Our frame-
work predicts that lower entry barriers should enable more marginalized individuals to contest.
Using candidate affidavits and SECC data, we construct three measures of candidate type for each

GP: (i) median education, (ii) average asset wealth,'? and (iii) average sub-caste size (proxied by

10 Appendix Figure B.3, however, shows rising SC female participation in wards with higher baseline SC popula-
tions—consistent with model predictions.

"'This is not entirely surprising: there are, on average, 11-12 candidates per GP head. Sanyal et al., 2015 quote a
woman SHG-leader in Bihar who contested and lost the GP election: “I had fought for Mukhiya elections, but I lost.
The other candidate bought the seat; he spent thirteen lakhs. And I had no money.”

12We match 1,287 of 2,108 candidates (61%) across 172 of 179 GPs to households in the 2011-12 SECC. Matched
candidates are more likely to be SC, marginally more educated, and slightly older (Table B.11). Appendix B.2 provides
details.
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surname prevalence in the SECC). We then take the mean of their standardised values to form a
composite index.

Figure 2.1, Panel (a), shows that candidate pools in SHG + Reserved GPs have lower index
scores. The interaction between treatment and SC reservation yields a—0.47 SD coefficient, though
not statistically significant. A 100-group rise in SHG presence corresponds to a 0.69 SD decline in
the index (p = 0.03), increasing to 0.92 SD when instrumenting group formation with treatment (p
=0.11).

Panel (b) decomposes this effect: education, assets, and sub-caste population each decline
with SHG intensity in SC-reserved GPs, though not all significantly. Overall, greater SHG activity

is linked to the entry of more marginalized candidates into local elections.

2.5.2 Entry Among Women SHG Members and SHG Leaders

To better understand who these new entrants are, we examine whether SHG members them-
selves—or SHG leaders—contest elections.

When we compare treatment and control GPs (Table 2.2) and look at backgrounds of con-
testing female candidates, a striking pattern emerges. Among 991 female candidates across 137
GPs, the SHG match rate is 12.1% in treatment GPs versus 6.3% in control GPs (Col 1). This
further rises to 24.4% in SHG + Reserved GPs (Col 2). For SHG leaders, we match just over
two additional leader—candidate pairs in treatment GPs, and none in control GPs (Table 2.2, Cols
4 and 5). These results highlight that political entry among SHG-linked women is significantly
more likely in treatment areas, especially in SHG + Reserved GPs. Moreover, in the RCT sample

but also in the universe of all GPs, SHG leaders exhibit a markedly higher propensity to contest
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elections compared to members (Tables B.8, B.9)."?

We caution against interpreting these results as implying that most female candidates in 2016
were not SHG members. Our conservative name-matching algorithm — requiring high similarity
thresholds across datasets with inconsistent spellings — likely understates true overlap.

Overall, SHG participation, especially in reserved GPs, facilitates political entry among
women from poorer and less privileged backgrounds. While SHG membership accounts for much
of this effect, leadership positions appear to provide an additional springboard into formal poli-
tics. Yet, as our framework and results suggest, entry is rarely an individual act: it often reflects

household-level decision-making. We therefore next turn to the household as the unit of analysis.

2.5.3 Entry Among SHG Member and Leader Households

One way to test if entry occurs at the individual or the household level is to examine candidate
households: do SHG households put forward candidates, and does the pattern differ across treated
and control GPs? To do so, we first match both the candidates and the SHG dataset to households
within the SECC. Thus, for each candidate, we can identify the households they come from and
whether that household had an SHG member or leader.

Figure B.4 shows that SHG households field both male and female candidates—if anything,
more men than women. This supports our argument that SHG benefits accrue at the household
level, a finding robust to varying the matching threshold.

Table 2.3 compares treated and control GPs. In control areas, 32.9% of male and 39.6%

BIn the overall sample of GPs, the matches are low in absolute terms, but show meaningful patterns. Just 0.08%
of SHG members and 0.65% of SHG leaders (Presidents and Secretaries of Village and Cluster-Level Federations)
appear in the candidate list (see Table B.8). Nonetheless, since SHG leaders are over eight times more likely to run
for office than regular members, this suggests that leadership roles within the SHG structure may serve as a pathway
into formal politics. This may not be entirely causal since unobserved factors could drive both SHG leadership and
political entry.
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of female candidates come from SHG member households; in treated GPs, these rise by 8.6 and
11.5 percentage points, respectively. Columns 3—4 show that effects are concentrated in SHG +
Reserved GPs.

Panel B of 2.2 reports similar patterns for SHG leader households: 4.4% of male and 6.1%
of female candidates in control GPs come from such households, roughly doubling in treated GPs
(Cols 1-2). Reservation does not further raise entry from leader households, likely because these
households were inframarginal in reserved GPs but marginal in unreserved ones.

Overall, these findings confirm that political entry operates at the household level. Limiting
analysis to SHG members alone would understate treatment effects, since SHG households field

substantial numbers of both male and female candidates.

2.5.4 Turnout

Next, we examine whether political entry in treated GPs is linked to turnout.'* We measure
turnout by the number of votes polled in GP elections, controlling for the population of GPs.
An increase in turnout could reflect SHG women leveraging their expanded networks to mobilize
voters more effectively.

Treatment potentially increases voter turnout (see the bottom panel of Table 2.2). 100 addi-
tional SHGs in a GP causes a 9.7 percentage point rise in turnout (Col 2). In SHG + Reserved GPs,
voter turnout increases by 9.3 percentage points (Col 3). However, the coefficients are substantially

noisier in the RD-RCT framework (Col 4).

“There is anecdotal evidence of SHG-linked candidates mobilizing voters to vote for them. Sanyal et al., 2015
quote one Jeevika woman who said: “Women came in large numbers from eight different villages for the election.
And everyone voted for me. You know why? Because I've made groups everywhere.”
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2.5.5 Long-run exposure

The RCT documents an additional two years of SHG activity can shift candidacy, with effects
concentrated in reserved GPs. We next examine whether entry scales with longer exposure in the
full cross-section of GPs in Bihar. For each GP, we observe the year of first SHG presence. We
use this to define, for each GP, years of exposure to SHGs as of 2016. We group exposure into bins
(<3 years, >3 years), treating GPs that had not received SHGs by 2016 as the omitted category.
We separate into exposure of 3 years or more since typically after 3 years of initial SHG entry,
SHGs can be considered to be mature: by this time, SHGs have received additional loans and are
federated under Village Organizations.

We estimate a difference-in-discontinuities style specification within a symmetric window
around the SC-reservation cutoff, absorbing block fixed effects and reporting robust standard er-
rors:

SC_Candg, = o + Z Be 1{exp_bin = e}, + v SCRes, + Z e I{exp-bin = e}, x SCRes,

ec& eef

+ p Disty + Z ke 1{exp_bin = e}, x Disty + X 0 + 1y + £,
el

2.7
where SC_Candg, is the number of SC candidates in GP ¢ and block b; SC Res, indicates SC
reservation in 2016; Dist,, is the running variable for the reservation rule; X, are GP-level controls;
and p, are block fixed effects. To ensure that we are comparing GPs that are comparable, we restrict
attention to GPs within the RD bandwidth, i.e | Dist,| < BW. The omitted category is “not treated
as of 2016 & unreserved”; thus, (. captures SHG-exposure effects in unreserved GPs, while d, is

the additional effect in SC-reserved GPs at exposure bin e.
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Figure B.7 plots the corresponding coefficients. Two patterns emerge. First, the core result
replicates: SHG presence raises SC candidacy only where the GP is SC-reserved. The black
markers (unreserved main effects, 3,.) are near zero, whereas the grey squares (reservation add-on,
d.) are positive. Second, there is suggestive evidence of a gradient in reserved GPs: the reservation
add-on is larger for >3 years of exposure than for <3 years. Confidence intervals are wide and
overlap, so we interpret this pattern cautiously. Consistent with the RCT, we find no gradient
in unreserved GPs, suggesting that additional exposure does not translate into entry absent SC

reservation. These results provide valuable external validity to the RCT findings.

2.6 Discussion

SHG movements primarily aim to improve women'’s financial security, but a growing body
of research demonstrates their broader impact on communities (Diaz-Martin et al., 2022). For
example, (Prillaman, 2023a) shows how an NGO-led SHG movement in Madhya Pradesh fosters
women’s collective action, having transformative effects on their non-electoral political participa-
tion. Similarly, (Sanyal et al., 2015), studying the initial rollout of Jeevika, suggests that SHGs can
create a “mini-social movement” that challenges traditional caste structures and patriarchy within
villages. Building on this literature, this paper shows that SHGs can also serve as an informal
institutional complement to formal affirmative action: SHG presence increase political entry of
marginalized groups.

Three explanations emerge. First, SHG formation may help SC households bear the costs
of contesting elections, enabling poorer and less educated candidates to enter the fray. While

we lack data on individual loans, (Hoffmann et al., 2021) estimate the average loan per member
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to be around INR 4,000. Given that the official spending limit for GP head elections was INR
40,000 in 2016 (Press Trust of India, 2016)—and actual spending is reported to be considerably
higher (Chaudhary, 2016)—the financial support from SHGs alone is unlikely to explain all the
observed entry. Second, SHGs may provide a platform for developing leadership skills, creating
a pathway into politics. Third, the program’s expanded social networks may have enhanced voter
mobilization and turnout, further increasing electoral participation.

We now turn to downstream effects of the RCT, focusing on entry in subsequent elections,
public goods and SHG performance 12 years later (see Figure 2.2)."> Political effects persisted
beyond the 2016 elections: in treated GPs, more SC women continued to contest in 2021 (Panel A
of Fig 2.2; Table B.5), likely reflecting higher SHG presence and better functioning groups through
2024-25 (see bottom 3 estimates in Figure 2.2).

However, this sustained entry did not translate into changes in public goods or welfare pro-
gram outcomes (Figure 2.2; Tables B.13, B.14), even in SHG + Reserved GPs (Panel B of Figure
2.2). One clear reason is that the identity or characteristics of the winner remains unchanged in
both treated and SHG + Reserved GPs. It is also possible that reservation alone was already effec-
tive in improving SC citizens’ welfare: evidence suggests that SC GP heads prioritize SC welfare
even during a time when the SHG movement was still in its infancy (C. Kumar and Sharan, 2024).
Finally, it is possible that SHG exposure improves outcome, but because control GPs also accessed

SHGs within two years of the intervention, we do not find differential effects in this instance.

I5We describe how outcomes are constructed in Table B.15.
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2.7 Main Tables and Figures

Table 2.1: Number of SC and SC Women candidates running in treatment GPs

Panel A: All SCs
M 6) (3) @) 3)
RCT RCT
RCT v Unreserved Het RD-RCT
Treated 2.157%* -0.172 -0.236 -0.353
(1.048) (0.363) (0.290) (0.313)
# of Groups 0.045%**
(0.017)
SC_Reserved 13.624%** 13 532%%%
(1.117) (2.093)
Treated X SC Reserved 2.289
(1.614)
Treated X SC Reserved (IV) 3.335%
(1.833)
Observations 179 179 62 179 179
Fixed Effects Strata Strata None Block Block
Sample All All All Unreserved All All
Control Mean 2.74 2.74 1.23 2.74 2.74
Panel B: SC Women
(1) (2) (3) 4) %)
RCT RCT
RCT v Unreserved Het RD-RCT
Treated 1.225% -0.167 -0.161 -0.463
(0.635) (0.193) (0.222) (0.302)
# Groups 0.026%**
(0.010)
SC_Reserved 4.096*** -1.448
(1.261) (1.802)
Treated X SC Reserved 3.704*
(2.157)
Treated X SC Reserved (I1V) 4.021
(2.448)
Observations 179 179 114 179 179
Fixed Effects Strata Strata Strata Block Block
Sample All All Caste Unreserved All All
Control Mean 0.97 0.97 0.48 0.97 0.97

Notes: The outcome variable in Panel A is the number of SC candidates running in the local village elections in 2016.
Panel B shows the same regressions with SC women as the outcome variable. Col 1 shows the results for the RCT.
Col 2 shows the number of groups in 2015 instrumented using the early_shg instrument. Col 3 shows results for the
sample excluding GPs reserved for SCs, OBCs and Women in 2016. In Col 4, shows results using the SC reservation
indicator for GPs and the interaction with earlier SHG rollout. Col 5 shows the results from the RD-RCT specification
i.e. shows the coefficient on the interaction term above the SC reservation cutoff. Fixed Effect denotes whether the
paired RCT strata or block fixed effects were used. All regressions include village controls including GP total and
SC population, area, and distance to the district headquarter controls, as well as if the GP was reserved in the past for

women. Robust standard errors are shown in brackets.
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Figure 2.1: Candidate characteristics

Panel (a)
Index Education
Treated X SC Reserved - —.—% 4._%
# of Groups X SC Reserved -{ —_— R
# of Groups (Instrumented)
X SC Reserved
T T T T 1 T T T T 1
-2 -15 -1 -5 0 -2 -15 -1 -5 0
Panel (b)
Asset_Score Jati_Population
Treated X SC Reserved —0—% 4.%
# of Groups X SC Reserved -| 40—%7 4.—%
# of Groups (Instrumented) - : I
C Reserved i
T T t 1 T T t 1
-2 -1 0 1 -2 -1 0 1

Notes:The outcome variables in Panel (a) is a standardized index of all 3 characteristics (Education, Asset Score, Jati
Population) and standardized years of education. The outcome variables in Panel (b) are the standardized asset based
poverty score for candidates and the standardized log of Jati population. The poverty score is calculated by matching
candidates to the SECC data and based on principal components analysis of households assets, which is subsequently
aggregated to the GP level. Only the interaction term between reservation and SHG terms as well as the instrumented
interaction term are shown. The SHG variable is an indicator for early treatment GPs or number of groups formed by
2015 or an instrumented version of the number of groups. The coefficient for the number of groups is scaled by 100.
All regressions include GP and female reservation controls and block fixed effects with robust standard errors. The
regression results are shown in Table B.7.
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Table 2.2: Mechanisms: Leadership and Turnout

Panel A: Members and Leaders (Match Rates)

(1) (2) (3) 4)
Treated 5.841#%% 0.053 2.160%** 1.270
(1.948) (2.243) (0.769) (0.940)
SC_Reserved -4.109 0.070
(2.987) 0.475)
Treated X SC Reserved 18.108*** 2.313
(5.162) (2.007)
Observations 982 982 991 991
Sample Members  Members Leaders Leaders
Control Mean 6.31 6.31 0.00 0.00
Panel B: Turnout (Total Votes)
(1) (2) (3) 4
Treated -146.948 -140.126
(124.398) (181.487)
Number of groups(2015) 4.32]1%%%*
(1.165)
Treated X SC Reserved 413.916%*
(236.125)
Treated X SC Reserved (RD-RCT) 382.152
(848.655)
Observations 176 176 176 176
Fixed Effects Block Block Block Block
Control Mean 4451.54 4451.54 4451.54 4451.54

Notes: Panel A shows match rates in the RCT sample for all members in Cols 1 and 2, and leaders in Cols 3 and 4, after
a name matching exercise between candidate and SHG member/leader data. Cols 2 and 4 also shows the interaction
with SC Reserved GPs. The match rate is multiplied by 100. The outcome variable in Panel B is total votes in the GP
in the RCT sample. T'reated is an indicator variable where SHGs were randomly introduced earlier in 2012. Col 2
shows the number of groups formed by 2015. Col 3 show the interaction with SC reservation and T'reated and Col 4
shows the RD-RCT specification. All regressions control for baseline village characteristics and include block fixed
effects and robust standard errors in brackets.
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Table 2.3: Member and Leader Match rates

Panel A: Members (Match Rates)

(D (2) (3) 4)
Treated 8.6627%* 11.496%* 4.691 9.128
(4.228) (5.203) (4.886) (6.296)
SC_Reserved -8.980 -29.166%**
(6.310) (8.011)
Treated X SC Reserved 16.285% 22.986%*
(9.235) (12.393)
Observations 625 459 625 459
Sample Male Cand HH Female Cand HH Male Cand HH Female Cand HH
Control Mean 329 39.6 0.7 39.6
Panel B: Leader (Match Rates)
(1) (2) (3 4)
Treated 4.994%* 6.071%* 4.032% 6.911%**
(2.081) (2.801) (2.214) (3.185)
SC_Reserved -1.812 -2.587
(2.585) (5.313)
Treated X SC Reserved 3.840 -0.971
(3.992) (6.960)
Observations 740 543 740 543
Sample Male Leader HH Fem Leader HH Male Leader HH Fem Leader HH

Control Mean 4.4 6.1 4.4

6.1

Notes: The table shows the difference in match rates between treatment and control GPs between the SECC and SHG
members in the RCT sample. We show results for a matching score of 0.99 and match rates are multiplied by 100. We
distinguis SECC households as having a male or female candidate running. Panel A shows results for SHG members.
Col. 1 shows the difference in SHG member and father/husband match to male candidate household between treatment
and control. Col.2 shows this for matches with female candidate households. Cols. 3 and 4 shows the same differences
but includes SC reserved GPs. Panel B shows the same regressions but only for SHG leaders. All regressions include

block fixed effects and robust standard errors are shown in brackets.
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All SCs in 2021 elections

SC Women in 2021 elections
Roads

School

School Quality

Piped Water

NREGA SC Workdays
Winner Age

Winner Education

Winner Poverty Score
Winner Jati Pop

Share VOs received ICF loan
Share VOs received HRF loan

Share VOs received FSF loan

Figure 2.2: Downstream Outcomes

(a) Treated (b) Treated x SC_Reserved

Notes: The left panel shows estimation of the earlier introduction of SHGs (Treated) and the right panel shows the
interaction term of earlier introduction with SC Reservation (Treated x SC Reserved). The outcome variables are all
standardized. Outcomes include the number of SCs and SC women that ran in the 2021 local elections, measures of
the presence and coverage of roads, schools, school quality, and piped water by 2019, participation by SCs in NREGA
between 2017 and 2020, characteristics of winners (standardized) and share of VOs in GPs that had received various
SHG program loans by 2024. All regressions include village controls including GP total and SC population, area, and
distance to the district headquarter, as well as if the GP was reserved in the past for women. The left figure includes
strata fixed effects and the right figure includes block fixed effects. Robust standard errors are shown in brackets.
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Chapter 3:  Soft skills and Youth Employment: Experimental Evidence from Bangladesh

Iman Sen and Mahreen Khan

3.1 Introduction

Developing countries are often characterized by high youth unemployment even for youth
that complete tertiary education. A central friction in the school-to-work transition for youth is the
limited acquisition of socio-emotional, or “soft,” skills—broadly defined to include both intraper-
sonal traits (e.g., self-regulation, perseverance) and interpersonal skills (e.g., teamwork, commu-
nication). These skills are recognized as useful for finding suitable employment, determining how
well individuals can work with others, and therefore influencing early career outcomes (Heckman
et al., 2006). This first transition into the labor market can be critical in an individual’s profes-
sional trajectory, where longer transitions may erode human capital, produce worse matches, and
depress future earning probability (Kahn, 2010, Oreopoulos et al., 2012). Furthermore, the need
for greater adaptability and perseverance may be particularly pertinent today as automation and
artificial intelligence disrupts several occupations (Acemoglu and Restrepo, 2018, Wong, 2024).

Despite the economic relevance, the market for soft skills exhibits several failures. Em-
ployers greatly value these skills, and may even prioritize soft skills such as teamwork, commu-
nication and problem-solving over technical skills (Bassi and Nansamba, 2022, Cunningham and
Villasefior, 2016). They often have to train new hires themselves, as jobs requiring more intensive
social interactions continue to grow (Deming, 2017, Adhvaryu et al., 2023). Yet this ex-post train-
ing does not eliminate inefficiencies at labor market entry, where skill gaps delay employment and

worsen initial matches.
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The under-provision of soft skills prior to labor market entry reflects a failure arising from
limitations in both production and signaling. Unlike technical skills, the technology for produc-
ing socio-emotional skills is poorly understood and difficult to standardize, making it costly for
colleges to deliver effective training at scale (Deming, 2022). At the same time, conventional
achievement tests fail to reliably measure these skills, limiting institutions’ ability to certify or
signal skill acquisition to employers (Heckman and Kautz, 2012). As a result, students face may
not have the option or face weak incentives to invest in soft skills during college.

Efforts to address this gap through targeted interventions have faced challenges. Few pro-
grams—within colleges or auxiliary institutions—have demonstrated systematic and scalable im-
provements in soft skills. Measurement constraints have further limited evaluation, although re-
cent initiatives have begun to implement comparable assessments across countries (Lippman et al.,
2015, Ajayi et al., 2022). Moreover, the interpersonal nature of many soft skills suggests that train-
ing modality and intensity may be critical, and the persistence of any gains over time remains an
open question (Brudevold-Newman and Ubfal, 2024).

In this paper, we study the impacts of a 1-month long training program on soft skills and
labor market outcomes in Bangladesh. Bangladesh is no different in that youth unemployment
remains high, and nearly a third of recent college graduates were unemployed 1-2 years after
graduation (World Bank, 2019). The program called CareerX was designed by Bangladesh Youth
Leadership Center (BYLC) to address the soft-skills skill gap and was primarily targeted at youth
who were 1 or 2 years from finishing college. To measure soft skills, we used a set of scales from an
established framework (Marsh et al., 2024). The final subset of soft skills we measure included the
overlap between the set of skills that determine labor market success, the set that BYLC included
in their training, and the set that we could validate in this context. These included measures of
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both interpersonal (negotiation, expressiveness, influence and listening) and intrapersonal (self-
awareness, self-control, decision making and perseverance) soft skills. In addition, we measure
other behaviors relevant to the job search process such as planning and preparedness as well as
effort.

The research design included randomly assigning just over half of the student applicants into
treatment to receive the soft-skills training for each batch of training implemented by BYLC. The
rest of the students were assigned to the control group, and were eligible to participate in training
after the end of the evaluation period. In total, 1,794 participants were interviewed at baseline
(with 998 assigned to treatment and 796 to control) over 15 training batches implemented between
September 2021 and October 2022. Attendance in training sessions was high. In the study sample,
about 81% of students in the treatment groups attended at least 1 class (over all batches). Mean
share of classes attended across all batches stood at nearly two-thirds or 67%. About 1% of control
group students also attended a training class. For each batch, we completed two follow-up rounds
of interviews in order to measure very short term and medium term outcomes. The first interview
was completed 1-2 months after training, and the second follow-up about 1 year after the training.
While the sample between treatment and control groups was balanced on a number of observable
characteristics, we had trouble in following up with students. Sample attrition rates were 17% and
21% for the two follow-up rounds, respectively.

The Intention To Treat (ITT) results indicate that the training program helped to facilitate stu-
dent entry into the labor market. At first follow-up, participants assigned to treatment were 4.5 per-
centage points more likely to be engaged in any employment and 4 percentage points more likely
to be in paid employment compared to control means of 62% and 60%, respectively. Accounting

for actual attendance by instrumenting any attendance with treatment assignment increases the es-
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timates to 5.5 and 4.9 percentage points for any employment and paid employment respectively at
first follow-up. While employment gains persisted in the treatment group in the second follow-up,
it was not statistically different from the control group, as control students also increased their em-
ployment. In addition, since attrition was higher at second follow-up, we had less power to detect
differences. However, while not statistically distinguishable, we observe that wages appear to be
on a higher trajectory for the treatment group across follow-up data. Heterogeneity analysis also
reveals that female participants experienced larger employment effects than men in the short run.
Overall, we believe treatment effects may be underestimated for two reasons. First, training was
implemented online in the initial batches due to Covid-19 restrictions, but later moved to a hybrid
model with a mix of online and in-person training, leading to greater student engagement. Most
importantly, during this period, job opportunities were very limited. Second, a surprising majority
of respondents (i.e., 69%) had not yet completed their degrees by the second follow-up interview
and still identified primarily as students.

The main mechanism we identify in facilitating increased employment in the treatment group
is a significant and persistent improvement in a self-reported soft skills index. The skills index
was higher by around 0.1 SD at first follow-up. Importantly, we find that soft skill differences
persist over the longer term, and remained significantly different at 0.13 SD at second follow-
up. These effects were driven by effects in both intra and interpersonal skills - although effects
on intra-personal skills were higher. Specifically, we find higher differences in decision-making,
perseverance, and self-awareness. For interpersonal skills, negotiation and expression were most
different between treatment and control groups. In addition to soft skills, we measured other
intermediate outcomes that can affect employability. While we observe small changes in a few of

these other indicators - including updating resumes and having a LinkedIn profile - we can rule
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out these were the channels used to find work. We also observe no differences in job search effort,
such as time spent looking for work.

The main contributions of this paper is that we highlight, first, that a range of soft skills may
be mutable for college students with effective training and, second, establish this as the mechanism
explaining a more effective transition from higher education into the labor market. Previous studies
have established a correlation between various soft skill measures and labor market outcomes
(Ajayi et al., 2022, Danon et al., 2023). The experimental literature with college students, that
is closest to this study, has either not directly measured soft skills, for example, in Jordan and
Egypt (Groh et al., 2016, Osman and Speer, 2022) or found no changes in soft skill measures in
Rwanda (Brudevold-Newman and Ubfal, 2024). Other non-experimental studies have highlighted
a single skill, e.g., self-efficacy for college students persevering through college (Morales Lema,
2023). Additionally, experimental studies have shown improvements in one or more soft skills
for a different demographic such as the working age population. The studies show evidence that
soft skills are indeed mutable for this demographic with improvements measured in teamwork and
collaboration (Adhvaryu et al., 2023), leadership and communication skills ( Prada et al., 2019) and
self-agency (McKelway, 2021). In addition, in the Bangladeshi context, a program that included
training on a set of skills such as financial literacy, market assessment and the english language,
found improvements in employment for youth that had dropped out of school (N. Das, 2018).
However, the study did not measure soft skills. In this paper, we show that certain soft skills are
mutable in the short term, and that differences persist over longer periods for students in colleges.
The paper also concludes that this is the most likely explanation for the differences observed in
labor market outcomes, after ruling out several other mechanisms.

The other contribution of the paper is to highlight a cost-effective and scalable program in
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a developing country for training on soft skills. These metrics now form key measures of success
for any intervention. We estimate that the program costs just under 3 USD per student over the
month. This is vastly smaller than the over $800 per trainee estimated elsewhere (Brudevold-
Newman and Ubfal, 2024). A training program in Bangladesh implemented by BRAC for school
dropouts (and that included components beyond soft skills) about USD 237 per participant in 2016
(N. Das, 2018). Furthermore, the training program we study can be delivered in a hybrid manner,
and is simple enough to be delivered by different instructors, both of which are factors that help to
improve scalability.

The rest of the paper proceeds as follows. Section II discusses both the labor market for
youth in Bangladesh and discusses BYLC’s training program. Section III discusses the the data
collection process and baseline characteristics. Section IV and V discusses the research design
and how we estimate treatment effects. Section VI discusses results and Section VII concludes the

paper with a discussion.

3.2 Context

3.2.1 The Bangladesh Labor Market for Youths

Bangladesh is characterized by a large and growing population of young job seekers. The
country boasts a sizable youth demographic. However, the labor market faces challenges in provid-
ing adequate employment opportunities for this burgeoning youth population. High competition
for jobs, limited formal sector employment, and a prevalence of low-skilled, low-paying positions
are common issues. Many young Bangladeshis end up in informal and vulnerable work arrange-

ments. The lack of essential skills and relevant job training often hinders their ability to secure
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stable and well-paying jobs.

In Bangladesh, various aspects of skills development are heavily prioritized in the policy
agenda as unemployment and under-employment remains moderate to high (Ministry of Youth and
Sports, 2017, General Economics Division, 2020). In Bangladesh’s tertiary education sector, more
than a third of graduates remain unemployed one or two years after graduation, with university
graduates doing worse than technical education graduates (World Bank, 2019). The same report
also finds that employers identified the lack of soft skills (e.g., workplace etiquette) to be a major

deficiency amongst these graduates.

3.2.2 The BYLC Intervention

The paper evaluates BYLC’s Professional Career Development Program, CareerX. This was
a “blended” training program offering both in-person and online classes. The curriculum was de-
signed to provide general professional soft skills development. This included interpersonal skills
focused on appropriate workplace communication and collaboration (such as negotiation, influ-
ence, listening, expressiveness) and intrapersonal skills (such as self-awareness, decision making
and perseverance). For example, self-awareness exercises included envisioning a career path and
setting realistic expectations along the way. Training methods included instructor-led sessions,
student group discussions and presentations, as well as self-paced (online) learning.

In addition to training on soft skills, the program also helped students prepare for the job
search process. This included improving resumes, discussing online job search portals, creating
profiles on websites such as LinkedIn - as well as appropriate etiquette, networking, and preparing

for interviews (by simulating mock interviews).
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The timeline for each CareerX session is shown in Appendix Figure C.1. In the first quarter
of 2021, BYLC training could only be implemented online (via Zoom) due to Covid-19. BYLC
was able to transition back to in-person sessions in early 2022. We discuss differences in results
observed between the Covid and post-Covid CareerX sessions that can help implementers under-

stand the trade-offs between online and in-person instruction in the context of soft skills training.

3.3 Data Collection and Descriptives

3.3.1 Data Collection

Data was collected in three rounds. All surveys were conducted on Zoom or Skype at the
convenience of the respondent. The first follow-up survey was administered approximately 30 to
60 days after the scheduled CareerX training session, capturing immediate post-program outcomes
for the treatment group. An endline survey was completed about 1 year after the training session
for both treatment and control respondents. There were many steps that had to be taken in order to
reduce attrition for urban students. First, there was an incentive of 500 taka (USD 4.2), which could
be received in phone credit or other ways, e.g., vouchers. Since the evaluation was implemented
over several BYLC cohorts, we attempted to interview earlier cohorts we had missed during later
cohort surveys. Additional flexibility was continuously implemented. The interview was scheduled
at the respondent’s convenience, a shorter truncated survey could be completed, and the soft skills
component could be completed online after the rest of the interview was completed.

We collected data on several categories of outcomes. Employment outcomes included whether
full time or part time, industry code, monthly wages, and weekly hours worked. Job search pre-

paredness was measured through three indicators: having a LinkedIn account, CV quality (scored
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by external evaluators), and number of professional references. We constructed a standardized
planning index from four binary variables: whether the respondent explored new employment sec-
tors, changed job preferences, developed a job search plan, or updated their resume in the last
month. We measured job search effort as follows: time spent searching for employment, outreach
to friends and relatives for job opportunities, use of formal job search channels (such as online
portals), number of CVs submitted to potential employers, and participation in job interviews, all
in the past 2 weeks. Soft skills were measured using validated scales adapted from the ESTEEM
framework (Marsh et al., 2024). Intrapersonal skills included self-awareness (the ability to iden-
tify and interpret one’s own thoughts and behaviors), self-control (the ability to focus attention
and restrain impulses), perseverance (the ability to sustain effort despite setbacks), and problem-
solving/decision-making (the ability to gather information and evaluate solutions). Interpersonal
skills included listening (the ability to attend to others’ perspectives), expressiveness (the ability to
explain ideas clearly), negotiation (the ability to identify interests during disagreements and adapt
behaviors to resolve problems) and influence (ability to communicate in a manner that influences
others).! Soft skills were measured on a 5 option likert scale from “Strongly Disagree” to “Strongly

Agree”.

3.3.2 Baseline Characteristics

The baseline sample consisted of 1,794 respondents with an average age of 23 years, where
35% are female and 56% reside in Dhaka. Most remained financially dependent on their par-
ents, with 72% receiving full or partial financial support from family. About 90% identified as

students, with 56% currently enrolled in their first higher education degree and 23% having com-

I'see Appendix Table C.1 for more details
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pleted it and were in post-grad programs. The top five subjects for men included “Accounting
and Finance”, “Marketing”, “Computer Science and Engineering”, “Electrical and Electronic En-
gineering” and “Management”. The top five subjects chosen by women included “Accounting and
Finance”, “English Language and Literature”, “Economics”, “Computer Science and Engineering”
and “Marketing”. Out of the remaining 10% who did not identify as students, about 5% were re-
cent graduates who were unemployed. The remaining 5% identified as employed or self-employed
who had (already) found employment.

For soft skill measures at baseline, respondents had self-reported scores for interpersonal
soft skills including negotiation and listening skills. There were gender differences, as men self-
reported higher overall soft skills compared to women, similar to findings in a recent study (Cassidy
et al., 2024). However, there was minimal differences in soft skills based on geographic location
(e.g., in Dhaka vs. outside Dhaka).

Most college students were already working part time primarily in tutoring roles. About 64%
of respondents were working - mostly part-time - with 88% having worked at some point. There
were gender differences here as well, with women being 11% points less likely to be working than
men (57% vs 68%). Furthermore, it had taken women slightly longer to find employment (4.1 vs
3.8 months). Finding work outside Dhaka was harder, taking 1.5 months longer to find jobs and
with respondents earning about BDT 2,400 (USD 20) less despite working similar hours. Average
monthly earnings overall were around BDT 10,000 (USD 92).

Questions about job search behavior at baseline revealed that the students were actively
engaged in thinking about their careers. Over half the participants had made efforts to explore
new sectors or prepare for the job market in the month preceding the program. However, only

about 30% had sent their resume to an individual or company in the two weeks prior to interviews.
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Most participants avoid formal job search channels (such as online portals) and prefer to rely on
connections and networking. The respondents also had very few job interviews at baseline.
Employment preferences reveal a significant shift from preference for the public towards
working in the private sector. Both men and women prefer private employment, including self-
employment. Notably, men are twice as likely as women to express interest in starting their own
business (13% vs 6.4%). The most desired industry across genders for the respondents was finance
and insurance, followed by education for women and public administration for men. Median
reservation wages were BDT 35,000 per month (USD 292), with women’s expectations about

BDT 5,000 (USD 42) lower than men’s.

3.4 Research Design

3.4.1 Randomization

Random assignment was carried out by BYLC for each CareerX session separately. BYLC,
first implemented a screening process with all applicants, taking into consideration the student’s
standing at higher learning institutions, the student’s year of study (or post-graduation standing),
and a written assessment submitted with the student’s application. All accepted applicants were
then randomly assigned to either a treatment or control group.>? The split was a little over half
assigned to treatment compared to control. Students assigned to the control group could re-apply

after the end of the evaluation period.

2For the first two CareerX session, the split was 60% in treatment and 40% in control, as BYLC wished to train
more applicants.
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3.4.1.1 Balance

Table 3.1 shows no statistically significant differences between treatment and control groups
on key demographic variables including gender, age, location in Dhaka, number of completed
degrees, or marital status. The only marginally significant difference is in parental employment
status (69.2% vs 65.2% with working parents). Our main specification includes controls for these
variables.

Table 3.2 shows balance across employment, planning behaviors and effort towards job
search at baseline. There is importantly no difference in the students work experiences at base-
line. Additionally, job search planning behaviors and job search effort variables are mostly similar
across treatment and control groups. Table 3.3 shows baseline soft skill measures are balanced
across treatment and control groups, with only marginal differences in perseverance and influence

measures. A F-test confirms overall balance across all the skill measures (F-test = 0.898).

3.4.1.2 Compliance

Overall, program compliance was high. For instance, about 81% of participants assigned
to treatment attending at least one training session from the treatment group. And only 1% of
control group students ever attended. The mean attended share of classes was 0.65 or close to
two-thirds of classes across all batches. There was variability in attendance across batches, with

lower attendance rates in earlier batches, before greater attendance in later batches.
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3.4.1.3 Attrition

Out of the 1,794 students we interviewed at the baseline, IPA enumerators were able to
successfully follow-up and speak with 1,484 students at first follow-up, i.e. we were unable to
follow-up with 310 students. This reflects an attrition rate of about 17%. In the second follow
up, enumerators were able to re-interview 1,423 of the 1,794 baseline respondents reflecting an
attrition of 21%. Overall, about 70% of respondents (1,283) completed all 3 surveys including the
baseline and two follow ups.

Figure 3.3 confirms that respondents we were able to re-interview were not different on base-
line characteristics such as if assigned to the treatment group, age, whether respondent was from
Dhaka, and number of degrees, in both follow-up data collection rounds. In addition, attrition was
no different between treatment and control groups for most outcome variables such as employment
status at baseline, the job planning index, and job search effort index. However, we do find that
enumerators were able to speak with slightly fewer female students in the treatment group at the
first follow-up. Additionally, it was harder to re-interview students in the treatment group that had
lower soft skills at baseline, again at first follow-up. However, both of these variables were no

different for students at second follow-up.

3.5 Estimation

We estimate the intention-to-treat or I'TT effects of the training program using Equation 1

below separately for the two follow-up rounds. Specifically, we use:

Y;ct = ﬁlﬂc + /82}/;6 + Xic + 60 + €t (31)
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where Y. is outcome for student ¢ in batch c at t = 1 or 2 corresponding to follow up 1
or 2 respectively. 7;. is the treatment indicator for if the student was invited to participate in the
training. We also control for the baseline value of the outcome, Y;.. Xj. is a vector of baseline
controls including gender, age, binary indicator for if the college is in Dhaka, number of (tertiary)
degrees student had at baseline, and if the student’s parents were working at baseline. ¢, is strata
1.e. batch fixed effects and restricts comparisons within batches. Additionally, we cluster standard
errors at the batch level for both treatment and control groups. One reason is that given some
batches were implemented during Covid-19, we allow for correlation in any potential shocks in
the control group as well. In addition, given the number of clusters is small (i.e., 15), we also
estimate p-values using the wild cluster bootstrap, which provides more reliable inference than
standard cluster-robust methods (Roodman et al., 2019, Cameron et al., 2008).

Given imperfect compliance, we also estimate a treatment on the treated (TOT) specification.
We instrument if each student ¢ in cohort ¢ attended any training class (A;.) with the student’s

treatment assignment shown below.

Aic = alﬂc + 052}/2'0 + Xic + 60 + Nict (32)
Y;ct = 61‘2;: + /82}/;6 + Xic + 60 + €t (33)

In addition, we estimate heterogeneity in treatment effects for a given source of heterogeneity

(Z) and estimated using the interacted specification below:

Y;ct = ﬁlﬂc + 52Z'L'c + 53ﬂc * Zic + 54}/20 + Xic + 60 + €ict (34)
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Furthermore, we estimate the following first differenced specification as an additional ro-
bustness check. In the context of the study, first differencing may be particularly useful if there
is measurement error, and where AY;,; = Y. — Y. is the change in outcome for individual 7 in

cohort ¢ between baseline and follow-up att = 1, 2.

AYict = Blﬂc + Xic + 6(: + €t (35)

3.6 Results

3.6.1 Evaluation Results

Table 3.4 presents the ITT effects on employment outcomes at both follow-up periods. The
training program leads to positive employment effects after 1-2 months. At the first follow-up,
participants assigned to treatment were 4.5 percentage points more likely to be engaged in any em-
ployment compared to a control mean of 62%. For paid employment, the effect was 4.0 percentage
points over a control mean of 60%. These results reflect increases of 7.3% and 6.7% over the con-
trol mean respectively. The high levels of part-time baseline work is unsurprising - for example,
cross-national estimate in Europe suggest about 59% of students engage in such work (Gwosc et
al., 2021). While these employment gains persisted into the second follow-up they are not statis-
tically different from the control group. However, estimates still show treatment participants were
3.1 percentage points more likely to be in any employment and 2.6 percentage points more likely
to be in paid employment. These estimates are however less precisely estimated given greater attri-
tion at second follow-up. Additionally, more students in the control group have started working by

this time. The training program did not generate significant impacts on earnings or hours worked.
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While treated participants showed higher average earnings at both follow-ups (247 BDT or 2 USD
in the first follow-up and 2,152 BDT or 18 USD in the second), these differences were not statisti-
cally significant. Similarly, while hours worked was higher for the treatment group at 1.1 and 1.4
hours in the two follow-ups, these are not statistically distinguishable from the control group.

Table 3.5 presents estimates instrumenting attendance with treatment assignment following
Equations 2 and 3. We use a simple measure of having attended at least 1 class in a training session
as a binary indicator for attendance. A first stage table including other measures of attendance is
shown in Appendix Table C.4. In the first follow-up, attending any class increases any employment
by 5.5 percentage points and paid employment by 4.9 percentage points, which reflect increases
of between 8 and 9 percentage over the control mean. The effects are again insignificant at second
follow-up, even though employment differences remain between 3.9 and 4.6 percentage points
higher.

Appendix Table C.2 shows that results are similar when using the first differencing speci-
fication for both follow-up 1 and 2, i.e., the results are robust to estimating treatment effects for

changes in the outcome.

3.6.2 Mechanisms

3.6.2.1 Job search preparedness, Planning and Effort

We next discuss changes in behaviors and soft skills that may explain the increases we see
in employment. First, Table 3.11 examines these intermediate outcomes related to job search
preparedness, planning, and effort. Here, the main differences we observe are having a LinkedIn

profile whichis 7.5 and 5.1 percentage points higher at first and second follow-up. However, effects
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on CV quality (measured by external grading) and number of references were not statistically
significant. We observe a significant difference in the job search planning index at first follow-
up, which is driven primarily by having updated CVs in the treatment group.® Additionally, job
search effort, including looking for work, talking to friends and family, using formal and informal
sources, sending CVs, interviewing, etc, was no different between treatment and control students.
Therefore, even though treatment group students were more likely to have a LinkedIn account,
they were not more likely to report reaching out to connections. All of this may be due in part to
the fact that students were still a bit away from graduation, making sustained effort less urgent.

The 2SLS results are shown in Table 3.7.

3.6.2.2 Soft Skills

The most consistent impacts of the training program we find are in improving a range of soft
skills. First, we confirm that each individual soft skill measure has acceptable levels of internal
consistency and reliability. The Cronbach Alpha scores for each soft skill scale has scores above
0.7, exceeding the generally accepted level for internal consistency (see Table 3.15). Next, we
correlate each soft skill measure with if the student was working at baseline to show the predictive
validity of these scales (Figure 3.4). Six out of the 8 soft skill measures are predictive, i.e., showing
a strong positive correlation at baseline for students who are engaged in paid employment. These
include decision making, self awareness, perseverance, influence, expressiveness, negotiation, as
well as both the intrapersonal and interpersonal and the overall soft skills index.

Next, Table 3.8 shows effects on standardized intra-personal and interpersonal soft skill in-

dices, as well as a combined index of all soft skills measured. In both the short and medium term,

3This was very much encouraged as part of the training program, and therefore we don’t highlight the result.
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intra-personal skills are higher and significantly different by 0.095 SD and 0.103 SD, respectively.
Interpersonal skills are also higher by 0.07 SD and 0.086 SD in the short and medium term re-
spectively (although it is not significantly different in the second follow-up). The overall soft skills
index is therefore higher by 0.101 and 0.125 in the two follow-ups and significantly different.
These results suggest that we see persistent improvements in soft skills with stronger effects on
intra-personal skills. The 2SLS results are shown in Table 3.9.

Table 3.10 shows that the training program was able to improve a number of different indi-
vidual soft skills. Improvements in the intra-personal skills index was driven by self awareness,
where differences persisted across both rounds. In addition, in the short term, we see differences
in problem solving and decision making and perseverance measures. For interpersonal skills, the
results are driven by improvements in negotiation (in the short term) and expressiveness (in the
medium term).

Finally, we show robustness to a first-differenced specification in Appendix Table C.3, con-

firming that treatment effects are consistent when estimating changes in the outcome.

3.6.3 Treatment Effect Heterogeneity

We explore a few different sources of heterogeneity in treatment effects. Several papers
have suggested that women may respond differentially to training on soft skills compared to men
(Ajayi et al., 2022). Tables 3.11 and 3.12 shows the heterogeneity results for both employment
and intermediate outcomes. We also find differences in the short term for women, but these do not
persist. For example, any as well as paid employment is higher for women in the first follow-up,

driven by better planning. We do not find any differences in changes in the soft skill indices either
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in the short or medium term. In addition, we show there are no differential effects based on location
and education levels; specifically we observe no differences for students in colleges in Dhaka, and
those that were in a Masters program (see Appendix Tables C.5, C.6, C.7 and C.8).

Another key source of heterogeneity could be that the evaluation started when Covid-19
restrictions were still in place. This in particular may have affected outcomes in the short run, given
that employment opportunities were restricted during this time. BYLC sessions (from CareerX
8 through CareerX 18) were completely administered online due to the COVID-19 pandemic.
Overall, five batches out of the 15 batches of the training program were delivered after the lifting
of Covid-19 restrictions. These batches were also delivered in a hybrid format with a mix of in-
person and online classes, compared to online only classes during Covid. Therefore, about 43%
of treatment students participated in batches that were conducted post Covid in hybrid sessions.
Tables 3.13 and 3.14 shows the results for both employment and intermediate outcomes. The
results confirm this; students found it hard to find work after the training sessions implemented
during Covid-19. However, they were much more successful in doing so right after batches that
were held post Covid. For example, any and paid employment is higher for the treatment group by
5.9 and 6.4 percentage points respectively post Covid. Wages are higher too after Covid. However,
these differences do not persist by follow-up 2. For intermediate outcomes, we observe fewer
differences between batches held during and post Covid.

Finally, Appendix Figure C.2 shows treatment effects by baseline quartiles of the interper-
sonal, intra-personal, and full set of soft skill measures in order to show if the program consistently
benefited individuals from certain parts of the baseline distributions of skills. The results suggest
that the treatment was most likely to effect those either in the bottom quartile or top quartile (or

both). For example, for intra-personal skills the program effected students in the bottom and top

94



quartile at baseline. For interpersonal skills, however, the study only effected those who were
already in the top quartile at baseline. These effects are not statistically different however as the

study was not sufficiently powered to detect differences in sub-samples.

3.7 Discussion

The CareerX soft skills training program in Bangladesh demonstrates that a number of dif-
ferent soft skills identified as relevant to making the transition from university to the labor market
are malleable for this demographic. We find that these differences persist upto about a year after
initial training. We observe increases in both intra-personal and interpersonal soft skills, but the
increases were slightly greater for intra-personal skills (which were also lower at baseline).

This study makes several important contributions to the literature on soft skills training and
youth employment. First, we provide rigorous experimental evidence that soft skills can be sys-
tematically improved through a structured, short-duration training program for university students
in a developing country context. We demonstrate significant and persistent effects across multiple
soft skills, unlike previous studies that have been unable to demonstrate improvements across soft
skills. This suggests that the CareerX curriculum successfully targets key competencies that are
both teachable and relevant for labor market success.

Second, we establish a causal mechanism linking soft skills improvements to employment.
By measuring a comprehensive set of soft skills using validated scales and tracking employment
trajectories over time, we demonstrate that enhanced soft skills —rather than just job search plan-
ning, preparedness, or effort - explain the employment gains observed in the treatment group.

However, we think that employment effects, overall, are underestimated for several impor-
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tant reasons. First, post-Covid CareerX cohorts experienced significantly better employment out-
comes, with treatment effects of 5.9 and 6.4 percentage points for any and paid employment re-
spectively. The initial cohorts faced severe restrictions on employment opportunities during the
pandemic, which likely suppressed the program’s potential impact. The stronger effects observed
in the post-Covid sessions indicate that the economic environment matters for translating soft skills
into employment.

Second, a surprisingly high proportion of respondents (nearly 70%) reported not having
yet completed their education by the second follow-up. This unexpected finding has important
implications for interpreting our results. Many students were still 1-2 years away from graduating
at baseline and had not yet entered the full-time labor market by our final follow-up. This suggests
that the full employment effects of the CareerX program may only be realized once participants
complete their degrees and enter full time employment. Future research should examine longer-
term employment outcomes, ideally tracking participants for 2-3 years post-graduation to capture
the complete labor market transition.

We also find that the CareerX program is both cost effective and scalable. We estimate
approximately 3 USD per participant for the one-month program.* Therefore, the program costs
dramatically less than comparable interventions such as the BRAC training program at $237 per
participant or international programs exceeding $800 per trainee (Brudevold-Newman and Ubfal,
2024). The hybrid delivery model combining online as well as in-person instructor-led sessions
offers a promising template for cost-effective scaling. In addition, we still find effects on soft skills
in earlier CareerX sessions which were delivered entirely online, which has the potential to further

reduce costs.

“Please see the detailed calculations in the repository here: https://poverty-action.org/cost-effectiveness-analysis
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3.8 Main Tables and Figures

Figure 3.1: Randomization Strategy

| CareerX blended

Tr(iaston:/e)nt Invitation to training program
° register (live & online)

[ Randomize
Care . | eligine ‘
rarsseslshu;;nt ‘ applicants e et
Control (~50%) [ oﬁ?ﬁ?ioz If:;vs

Notes: The figure shows the random assignment process followed for each CareerX batch

Figure 3.2: Soft Skills Measurement Framework

Interpersonal Skills

Intrapersonal Skills

Kill Emotional Awareness Listening
Awareness Skills Self Awareness Empathy
Emoticnal Regulation
Expressiveness
Self Control
Interpersonal Relatadness
Perseverance
Management Skills e Influence
Personal Initiative Negotiation
Prablem Solving & Decision- g )
Collaboration

Meking (PSCM)

Notes: This is the complete framework developed by IPA and the World Bank. Note that while we tested all the
different measures in Bangladesh, only measures that could be validated were ultimately included. Please see for

more details: https://poverty-action.org/socio-emotional-skills
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Table 3.1: Balance: Demographics

€)) 2) T-test
control treatment Difference
Variable N Mean N Mean (D-(2)
female 795 0352 997 0.354 -0.002
0.017) (0.015)
age 795 23.157 997 23.115 0.042
(0.064) (0.058)
dhaka 795  0.557 997 0.577 -0.019
(0.018) (0.016)
number degrees 794 1329 996  1.310 0.018
(0.019) (0.017)
parent working 793  0.652 993  0.692 -0.040*
(0.017) (0.015)
married 791  0.054 991 0.051 0.003
(0.008) (0.007)
F-test of joint significance (F-stat) 0.651
F-test, number of observations 1782

Notes: The value displayed for t-tests are the differences in the means across the groups. The value displayed for
F-tests are the F-statistics. ***, ** and * indicate significance at the 1, 5, and 10 percent critical level.
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Table 3.2: Balance: Employment, Planning, and Effort

D 2) T-test
control treatment Difference

Variable N Mean/SE N Mean/SE (DH-(2)

any employment 793 0.654 993 0.636 0.018
0.017) (0.015)

paid employment 793 0.623 993 0.600 0.023
0.017) (0.016)

looked at new sector 789 0.553 989 0.534 0.019
(0.018) (0.016)

changed job preferences 789 0.295 989 0.297 -0.002
(0.016) (0.015)

made plan 788 0.713 989 0.691 0.023
(0.016) (0.015)

revised resume 792 0.590 991 0.620 -0.030
0.017) (0.015)

planning index (std) 792 0.003 991 -0.002 0.005
(0.036) (0.032)

looked for work 796 0.421 998 0.419 0.002
(0.018) (0.016)

talked to friend relative 795 0.438 996 0.422 0.016
(0.018) (0.016)

used formal source 796 0.044 998 0.070 -0.026%**
(0.007) (0.008)

sent cv 796 0.284 998 0.287 -0.003
0.016) 0.014)

interviewed 796 0.121 998 0.111 0.009
(0.012) (0.010)

effort index(std) 796 -0.000 998 0.000 -0.001
(0.035) (0.032)

F-test of joint significance (F-stat) 0.988

F-test, number of observations 1767

Notes: The value displayed for t-tests are the differences in the means across the groups. The value displayed for
F-tests are the F-statistics. ***, ** and * indicate significance at the 1, 5, and 10 percent critical level.
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Table 3.3: Balance: Soft skills

N 2 T-test
control treatment Difference
Variable N Mean/SE N Mean/SE (D-(2)
decision making 777 3.899 976 3.878 0.021
(0.014) (0.013)
awareness 777 4.043 976 4.019 0.024
(0.015) (0.013)
self control 777 3.175 976 3.138 0.036
(0.025) (0.023)
perseverance 777 4.037 976 3.989 0.049%*
(0.019) 0.017)
influence 777 3.888 976 3.846 0.043%*
(0.016) (0.014)
expression 776 3.754 976 3.740 0.014
(0.017) (0.016)
negotiation 776 4.142 976 4.127 0.015
(0.016) (0.015)
listening 776 4.087 976 4.078 0.009
(0.017) (0.015)
intrapersonal index(std) 777 0.046 976 -0.037 0.082*
(0.035) (0.033)
interpersonal index (std) 777 0.032 976 -0.025 0.057
(0.036) (0.032)
ses index (std) 777 0.043 976 -0.034 0.078
(0.035) (0.032)
F-test of joint significance (F-stat) 0.898
F-test, number of observations 1752

Notes: The value displayed for t-tests are the differences in the means across the groups. The value displayed for
F-tests are the F-statistics. ***, ** and * indicate significance at the 1, 5, and 10 percent critical level.
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Figure 3.3: Attrition by baseline variables at Follow-ups 1 and 2

|

female

age

dhaka

num degrees
parent working
any employment
paid employment
planning index (std)
effort index (std)
intra (std)
inter(std)
ses(std)

}
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age

dhaka

num degrees
parent working

® any employment
paid employment
planning index (std)
effort index (std)
intra (std)
inter(std)
ses(std)

followup_2_attrition —

Notes: The figure plots the interaction coefficient for baseline characteristics of students we were unable to re-interview
at first follow-up(top panel) and second follow-up (bottom panel). All regressions control for BYLC batch (cohort)
fixed effects and errors are clustered at the batch level.
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Table 3.4: Employment outcomes

Follow-up 1
)] @) 3) “)
any employ  any paid employ wages hours
treatment 0.045** 0.040* 246.615 1.133
(0.019) (0.020) (568.988) (0.786)
Observations 1480 1480 1480 1480
Control Mean 0.62 0.60 6454.52 13.15
Wild Bootstrap p-val 0.043 0.098 0.660 0.210
Follow-up 2
1 2 3) “)
any employ  any paid employ wages hours
treatment 0.031 0.026 2152.330 1.382
(0.028) (0.026) (1370.485) (1.013)
Observations 1417 1417 1417 1417
Control Mean 0.63 0.61 10597.92 16.83
Wild Bootstrap p-val 0.322 0.367 0.151 0.250

Notes: The table shows the impact of treatment on any employment, any paid employment, wages and hours worked
in a typical week at first follow-up (top panel) and second follow-up (bottom panel). All regressions controls for the
baseline value of the outcome variable. All regressions control for gender, age, if student in Dhaka, number of degrees,
and if parent is working. All regressions include BYLC batch fixed effects and errors are clustered at the batch level.
Wild Bootstrap p-values are shown at the bottom. ***p < 0.01, **p < 0.05, * p < 0.1

Table 3.5: Employment outcomes (2SLS)

Follow-up 1
ey @) 3) “
any employment paid employment wages hours
attended any class 0.055** 0.049* 303.484 1.395
(0.025) (0.027) (704.391)  (1.009)
Observations 1480 1480 1480 1480
Control Mean 0.62 0.60 6454.52 13.15
Follow-up 2
6] @ (€) “
any employment paid employment wages hours
attended any class 0.046 0.039 3238.991 2.084
(0.041) (0.039) (2093.023)  (1.494)
Observations 1417 1417 1417 1417
Control Mean 0.63 0.61 10597.92 16.83

Notes: The table shows the 2SLS results for any training classes attended instrumented with treatment assignment
on the following outcomes: any employment, any paid employment, wages and hours worked in a typical week at
first follow-up (top panel) and second follow-up (bottom panel). All regressions controls for the baseline value of the
outcome variable. All regressions control for gender, age, if student in Dhaka, number of degrees, and if parent is
working. All regressions include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01,
*#p < 0.05, * p < 0.1
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Table 3.6: Preparedness, Planning and Effort

Follow-up 1
ey 2 3) “) &)
LinkedIn CV score references planning  effort
treatment 0.075*** 0.302 -0.020 0.142* -0.011
(0.023) (0.355) (0.028) (0.069)  (0.090)
Observations 1396 1481 1479 1480 1481
Control Mean 0.67 2.03 2.04 2.04 1.58
Wild Bootstrap p-val 0.015 0.473 0.523 0.079 0.899
Follow-up 2
)] 2 3) “) ®)
LinkedIn CV score references planning effort
treatment 0.051* -0.444 -0.009 0.013 -0.049
(0.024) (0.393) (0.018) (0.062)  (0.051)
Observations 1417 1425 1414 1416 1417
Control Mean 0.65 8.42 2.05 2.09 2.01
Wild Bootstrap p-val 0.060 0.303 0.609 0.827 0.359

Notes: The table shows the impact of treatment on any having a LinkedIn account, graded CVs, number of references,
and a planning and effort index at first follow-up (top panel) and second follow-up (bottom panel). All regressions
control for gender, age, if student in Dhaka, number of degrees, and if parent is working. All regressions except for
LinkedIn account controls for the baseline value of the outcome variable. All regressions include BYLC batch fixed
effects and errors are clustered at the batch level. Wild Bootstrap p-values are shown at the bottom. ***p < 0.01,
*p < 0.05, * p < 0.1

Table 3.7: Preparedness, Planning and Effort (2SLS)

Follow-up 1
)] 2 3) “ )
LinkedIn CV score references planning  effort
Attended any class  0.091*** 0.379 -0.024 0.174* -0.013
(0.027) (0.435) (0.034) (0.083) (0.111)
Observations 1395 1481 1479 1480 1481
Control Mean 0.67 2.03 2.04 2.04 1.58
Follow-up 2
ey 2 3) “ &)
LinkedIn CV score references planning  effort
Attended any class  0.062* -0.561 -0.011 0.016 -0.061
(0.031) 0.472) (0.022) (0.075)  (0.064)
Observations 1417 1425 1414 1416 1417
Control Mean 0.65 8.42 2.05 2.09 2.01

Notes: The table shows the 2SLS results for any training classes attended instrumented with treatment assignment on
the following outcomes: on any having a LinkedIn account, graded CVs, number of references, and a planning and
effort index at first follow-up (top panel) and second follow-up (bottom panel). All regressions except for LinkedIn
account controls for the baseline value of the outcome variable. All regressions control for gender, age, if student in
Dhaka, number of degrees, and if parent is working. All regressions include BYLC batch fixed effects and errors are
clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table 3.8: Soft Skill outcomes

Follow-up 1
(1) (2) (3)
intra-personal  inter-personal ses
treatment 0.106*** 0.069** 0.101***
(0.026) (0.025) (0.021)
Observations 1322 1322 1322
Control Mean 0.07 0.08 0.08
Wild Bootstrap p-val 0.001 0.031 0.004
Follow-up 2
(H (2) (3)
intra-personal  inter-personal ses
treatment 0.124** 0.103 0.125*
(0.054) (0.066) (0.065)
Observations 1393 1392 1393
Control Mean 0.43 0.40 0.46
Wild Bootstrap p-val 0.047 0.169 0.085

Notes: The table shows the impact of treatment on 3 standardized indices of the set of intrapersonal, interpersonal
and an index of all soft skills measured (ses) at first follow-up (top panel) and second follow-up (bottom panel). All
regressions controls for the baseline value of the outcome variable. All regressions control for gender, age, if student
in Dhaka, number of degrees, and if parent is working. All regressions include BYLC batch fixed effects and errors
are clustered at the batch level. Wild Bootstrap p-values are shown at the bottom. ***p < 0.01, **p < 0.05, * p < 0.1

Table 3.9: Soft Skill outcomes (2SLS)

Follow-up 1
ey 2 3)
intra-personal  inter-personal ses
attended any class 0.135*** 0.089** 0.130***
(0.039) (0.033) (0.032)
Observations 1322 1322 1322
Control Mean 0.07 0.08 0.08
Follow-up 2
ey 2 3)
intra-personal  inter-personal ses
attended any class 0.153** 0.128 0.154*
(0.064) (0.081) (0.078)
Observations 1393 1392 1393
Control Mean 0.43 0.40 0.46

Notes: The table shows the 2SLS results for any training classes attended instrumented with treatment assignment
on the following outcomes: 3 standardized indices of the set of intrapersonal, interpersonal and an index of all soft
skills measured (ses) at first follow-up (top panel) and second follow-up (bottom panel). All regressions controls for
the baseline value of the outcome variable. All regressions control for gender, age, if student in Dhaka, number of
degrees, and if parent is working. All regressions include BYLC batch fixed effects and errors are clustered at the
batch level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table 3.10: Soft Skill outcomes

Follow-up 1
ey @) 3) “) &) (6) (N ®)
decision perseverance awareness selfcontrol influence expressiveness negotiation listening
treatment 0.112*** 0.092*** 0.081* 0.019 0.055 0.039 0.102** 0.002
(0.035) (0.028) (0.039) (0.054) (0.035) (0.043) (0.038) (0.040)
Observations 1322 1322 1321 1322 1322 1320 1320 1320
Control Mean 0.09 -0.03 0.07 0.06 0.08 0.00 -0.05 0.19
Follow-up 2
ey 2 3) “ ®) (6) (N ®)
decision perseverance awareness selfcontrol influence expressiveness negotiation listening
treatment 0.074 0.089 0.116** 0.055 0.085 0.129** 0.081 0.022
(0.057) (0.064) (0.040) (0.050) (0.063) (0.053) (0.072) (0.055)
Observations 1393 1392 1391 1392 1392 1391 1391 1391
Control Mean 0.60 0.39 0.06 0.38 0.33 0.25 0.14 0.50

Notes: The table shows the impact of treatment on the individual set of soft skills measured at first follow-up (top
panel) and second follow-up (bottom panel). All regressions controls for the baseline value of the outcome variable.
All regressions control for gender, age, if student in Dhaka, number of degrees, and if parent is working. All regressions
include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1

Table 3.11: Heterogeneity in Employment outcomes by Gender

Follow-up 1
ey ) 3) “)
any employment paid employment wages hours
treatment 0.010 -0.005 -129.306 0.638
(0.026) (0.026) (665.044) (1.083)
female -0.114*** -0.122** -2333.088***  -3.253***
(0.037) (0.041) (464.377) (0.892)
treatment X female 0.095* 0.125** 1052.733 1.263
(0.047) (0.046) (756.351) (1.477)
Observations 1480 1480 1480 1480
Control Mean 0.62 0.60 6454.52 13.15
Follow-up 2
1 2 3) “)
any employment paid employment wages hours
treatment 0.026 0.021 3125.205 1.670
(0.028) (0.024) (1801.600)  (1.189)
female -0.066* -0.070* -2614.656*  -3.316**
(0.035) (0.036) (1440.585)  (1.522)
treatment X female 0.004 -0.001 -3094.638 -1.444
(0.042) (0.037) (2014.081)  (2.238)
Observations 1417 1417 1417 1417
Control Mean 0.63 0.61 10597.92 16.83

Notes: The table shows the heterogeneity in treatment effects by gender (female) on any employment, any paid
employment, wages and hours worked in a typical week at first follow-up (top panel) and second follow-up (bottom
panel). All regressions controls for the baseline value of the outcome variable. All regressions include BYLC batch
fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table 3.12: Heterogeneity in Planning, Effort, and Soft Skills Outcomes by Gender

Follow-up 1
ey 2 3) C)) &)
planning  effort  intra-personal inter-personal ses
treatment 0.070 0.017 0.106*** 0.052* 0.091***
(0.075)  (0.115) (0.031) (0.028) (0.025)
female -0.105 -0.105 -0.041 -0.140** -0.086*
(0.084)  (0.120) (0.047) (0.050) (0.040)
treatment X female  0.188* -0.128 -0.044 0.041 -0.004
(0.099) (0.141) (0.060) (0.070) (0.049)
Observations 1480 1484 1322 1322 1322
Control Mean 2.04 1.57 0.03 0.04 0.04
Follow-up 2
ey 2) 3) “ &)
planning  effort  intra-personal inter-personal ses
treatment 0.031 -0.104 0.091* 0.097 0.103*
(0.087)  (0.066) (0.048) (0.059) (0.053)
female 0.072 -0.164* -0.018 0.013 0.008
(0.096)  (0.084) (0.053) (0.073) (0.063)
treatment X female  -0.060 0.150 0.018 -0.045 -0.018
(0.090) (0.144) (0.084) (0.080) (0.071)
Observations 1416 1421 1393 1392 1393
Control Mean 2.09 2.00 -0.02 -0.04 -0.03

Notes: The table shows the heterogeneity in treatment effects by gender (female) on planning, effort and 3 standardized
indices of the set of intrapersonal, interpersonal and an index of all soft skills measured (ses) at first follow-up (top
panel) and second follow-up (bottom panel). All regressions controls for the baseline value of the outcome variable.
All regressions include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05,
*p<0.1
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Table 3.13: Employment outcomes in Covid and Post Covid Batches

Follow-up 1
ey @) 3) “) ) (6) (N ®)
any empl any empl paidempl paid empl wages wages hours hours
treatment 0.027 0.059** 0.016 0.064***  -775.629  1427.959**  0.504 1.737
(0.026) (0.020) (0.026) (0.013)  (621.574)  (401.875)  (1.065) (1.263)
Observations 835 645 835 645 835 645 835 645
Post-Covid No Yes No Yes No Yes No Yes
Control Mean 0.66 0.57 0.64 0.54 6582.89 6279.86 12.61 13.89
Follow-up 2
ey @) 3) “) ®) (0) @) (®)
any empl any empl paidempl paid empl wages wages hours hours
treatment 0.039 0.007 0.029 0.007 -164.021  5456.876 1.194 1.176
(0.037) (0.044) (0.035) (0.040)  (874.844) (3023.521) (1.257) (1.660)
Observations 814 603 814 603 814 603 814 603
Post-Covid No Yes No Yes No Yes No Yes
Control Mean 0.66 0.59 0.64 0.57 9879.18 11565.97 16.03 17.91

Notes: The table shows results separated by Covid and Post Covid batches on any employment, any paid employment,
wages and hours worked in a typical week at first follow-up (top panel) and second follow-up (bottom panel). All
regressions controls for the baseline value of the outcome variable. All regressions include BYLC batch fixed effects
and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1

Table 3.14: Planning, Effort, and Socio-Emotional Skills Outcomes in Covid and Post

Covid Batches
Follow-up 1
(1 2) 3) “ ) (6) (N (®) ) (10)
planning planning  effort effort intra intra inter inter ses ses
treatment 0.127 0.144***  -0.001  -0.061 0.087* 0.091***  0.055 0.070  0.085*  0.090***
(0.127)  (0.025) (0.148) (0.079) (0.045) (0.016) (0.040) (0.033) (0.037) (0.019)
Observations 835 645 838 647 693 629 693 629 693 629
Post-Covid No Yes No Yes No Yes No Yes No Yes
Control Mean 2.04 2.04 1.46 1.73 0.05 0.01 0.07 0.01 0.06 0.01
Follow-up 2
ey 2) 3) “) ®) (6) (N ®) ©)) (10
planning planning  effort effort intra intra inter inter ses ses
treatment 0.033 -0.017 -0.040  -0.084 0.144**  0.038 0.107 0.055  0.137*  0.049
(0.111)  (0.046) (0.075) (0.063) (0.059) (0.071) (0.063) (0.109) (0.061) (0.101)
Observations 813 603 817 606 804 590 804 589 804 590
Post-Covid No Yes No Yes No Yes No Yes No Yes
Control Mean 2.07 2.11 1.95 2.09 -0.03 -0.01 -0.03 -0.05 -0.04 -0.03

Notes: The table shows results separated by Covid and Post Covid batches on planning, effort and soft skills indices
(where inter, intra refers to inter-personal and intra-personal and ses is the index of all soft skills at first follow-up (top
panel) and second follow-up (bottom panel). All regressions controls for the baseline value of the outcome variable.
All regressions include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05,

*p<0.1
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Table 3.15: Cronbach’s Alpha Scores

Baseline Follow-up 1 Follow-up 2
decison .82 .83 .82
awareness .68 75 74
selfcontrol 75 78 .8
influence g1 71 7
express .82 .84 .86
negotiation .75 74 .76
listening .66 .64 Vi
perseverance .75 17 74

Note: Higher values indicate greater internal consistency. Typically, a score of 0.7 is considered to indicate good
internal consistency

Figure 3.4: Validity of Soft Skill Measures

Decision Making -

Self Awareness —

Perseverance —

Self Control —

Influence —

Expressiveness - -

Negotiation —|

Listening —

Intra-personal — '
;

Inter-personal —

SES -

Notes: The figure shows the correlation between the different measures of soft skills and if the student was engaged in
any paid work at baseline to show the predictive validity of the soft skill measures.
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Appendix A: Supplementary Materials for Chapter 1

A.1 Additional Tables and Figures

Figure A.1: Cumulative number of SHGs formed in villages with the SHG program

SHGs formed

30+ /«

: S

time_to_treat

Notes: The figure shows the cumulative number of groups in event time before and after the introduction of the SHG
program. An event time of O represents the first year when SHGs are created in a village
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Figure A.2: Cumulative number of VOs formed in villages with the SHG program

VOs formed

time_to_treat

Notes: The figure shows the cumulative number of VOs in event time before and after the first SHG formed in the
village. An event time of 0 represents the first year when SHGs are created in a village.
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Table A.1: Summary Statistics (Full Sample)

Mean SD
Panel A: SHGs
Total Member 11.96 1.77
SC 2.82 445
Proportion SC 023 037
Proportion ST 0.02  0.11
Proportion EBC 0.67 040
Proportion Other 0.08 0.23
Panel B: VOs
Number of SHGs under VO 8.25 5.53
Number of SCs in VO 2326 29.94
Number of members in VO 98.83 67.77
Proportion SC 023  0.26
Proportion ST 0.02  0.09
Proportion EBC 0.67  0.30
Proportion Other 0.08  0.18
Panel C: Villages
Number of SHGs 2834  34.19
Number of VOs 3.44 3.43
SC female share 0.18  0.17
ST female share 0.02  0.09
Sub District Head Quarter (Distance in km) 9.96 6.84
Total roads 3.05 1.55
Total banks 0.13 0.41
Total schools 2.40 2.38
Share of female working 0.21  0.16
Share of cultivators of working female 0.09 0.14
Share in agriculture of working female 022 024
Share in manufacturing of working female 0.02  0.08
Share in other services work of working female  0.11 0.15
Share in marginal work of working female 0.55 0.31

Notes: The table presents summary statistics from the sample used in the IV analysis. The observations for VOs
represents the number of VOs in a village which is higher than the number of unique VOs, since VOs can operate
across villages. Overall, there are about 774,249 SHGs, 93,886 VOs, and 27,319 villages in the IV sample.
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Figure A.3: SHG Program Full Sample villages

Legend

Ml («4.00250.00)

W 6o
(8002357]
[p00800]

Notes: The map shows the variation in the mean number of SCs in VOs in villages in Bihar state in 2024. The data
shows all villages that were part of the SHG program expansion from 2012.
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Figure A.4: SHG Program IV Sample villages
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Notes: The map shows the variation in the mean number of SCs in VOs in villages in Bihar state in 2024. The data is
shown for villages in the IV sample used in the paper.

Figure A.6: Number of Hamlets under a VO in a village

Fraction

Number of hamlets represented in VO

Notes: The figure shows the share of VOs containing a certain number of hamlets. The figure was compiled by drawing
a random sample of 1000 VOs that had hamlet information for at least 50% of the SHGs under the VO. As such, the
figure may under-estimate the number of actual hamlets.
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Figure A.5: Number of VOs and SHGs
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Notes: The figure shows the jump in the mean number of VOs as the number of SHGs in a village crosses over the
multiple of 8 SHGs. The Y-axis shows the number of VOs in the village in 2024. The running variable is the remainder
of the number of SHGs in village 7 in 2024 divided by 8 (Z;). The figure shows this remainder (from -4 .. +3) on the
X-axis. Let W be a positive remainder of a multiple of eight and outcome be the number of VOs in village 7 in 2024
(Y;). The jump in VOs can be estimated using the following: Y; = 5y + $1Z; + BoW; + BsW; x Z; + ¢;

Table A.2: Pairwise Tests of Adjacent Group Formation Times

Comparison Coefficient Standard Error p-value
Group 7 vs 6 -0.016%* (0.009) 0.082
Group 8 vs 7 0.011 (0.009) 0.219
Group 9 vs 8 -0.052%%%* (0.009) 0.000
Group 10 vs 9 -0.023** (0.010) 0.015

Baseline Hazard 0.0508

Notes: Cox proportional hazards model coefficients. Baseline hazard corresponds to Group 6 (reference category).
Standard errors in parentheses. *p<0.10, **p<0.05, ***p<0.01
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Figure A.7: Distribution of SCs in a VO based on SC population decile
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Notes: The figure shows SC distribution in VOs over the SC female population decile from 2011 in the Full Sample.

Table A.3: Characteristics of SHGs around the threshold for VO formation

(1) () T-test
Difference

Variable N Mean/SE N Mean/SE (D-(2)

SHG formation date 85120  20888.723 82159 20944.925 -56.202*
(23.371) (16.301)

SCs 85120 2.606 82159 2.582 0.024
(0.015) (0.015)

EBCs 85120 8.209 82159 8.232 -0.022
(0.017) 0.017)

STs 85120 0.199 82159 0.199 -0.000
(0.004) (0.005)

Others 85120 0.929 82159 0.929 0.001
(0.009) (0.010)

Number of Members 85120 11.948 82159 11.945 0.003
(0.007) (0.007)

Fractionalization 85120 0.126 82159 0.125 0.000
(0.001) (0.001)

Hamlet ID 59680  65297.151 57895 64881.062 416.089*

(157.596) (159.768)
F-test of joint significance (F-stat) 1.470
F-test, number of observations 117575

Notes: The table shows a comparison of the 8th versus the 9th SHG, 16th versus the 17th SHG and so on, including all
multiples of 8 and the next SHG. The multiple of 8 is shown in Column 1 and next SHG in Column 2. The observable
characteristics shown include formation dates, caste characteristics of members, number of members, fractionalization,
and ID of the hamlet. The value displayed for t-tests are the differences in the means across the groups. The value
displayed for F-tests are the F-statistics. ***, ** and * indicate significance at the 1, 5, and 10 percent critical level.
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Figure A.8: Correlation of the instrument with baseline village characteristics
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Notes: The IV sample is used to regress the predicted number of SCs in VOs on standardized baseline village charac-
teristics from the 2011 Census. The specification uses GP (i.e. a nearby group of villages) FE and errors clustered at
the village level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table A.4: SC and Non-SC SHGs members experience with Government programs
and officials

ey 2 (D-2)
Non-SC SC Pairwise t-test
Variable N Mean/(SE) N Mean/(SE) N Mean difference
Income per capita 895 13251.557 680 14117.931 1575 -866.374
(500.622) (784.319)

Below Poverty Line 895 0.235 680 0.279 1575 -0.045%%*
(0.014) (0.017)

PDS 895 0.465 680 0.503 1575 -0.038
(0.017) (0.019)

NREGA 895 0.226 680 0.281 1575 -0.055%*
(0.014) (0.017)

Acquaintance with Gov employees 895 0.229 680 0.262 1575 -0.033
(0.014) (0.017)

Political participation 895 0.516 680 0.457 1575 0.059%*
(0.017) (0.019)

High confidence in Politicians 895 0.086 680 0.093 1575 -0.007
(0.009) (0.011)

High confidence in State Gov 895 0.421 680 0.400 1575 0.021
(0.017) (0.019)

F-test of joint significance (F-stat) 3.208%**

F-test, number of observations 1575

Notes: The variables are from the IHDS 2012 dataset. We compare individuals from SC communities with those from
OBC or other communities excluding forward castes. We restrict to already participating in a SHG. All variables are
binary indicators except for income per capita. We include individuals from the following states: Bihar, Rajasthan,
UP, WB, Jharkhand, Orissa, Chhattisgarh, MP. ***p < 0.01, **p < 0.05, * p < 0.1
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Table A.5: OLS estimation on Other Cooperation outcomes

Panel A
() (2) (3) 4)
HRF HRF FSF FSF
Number of SCs in VO  0.02109***  0.01536**  0.08544***  0.04047***
(0.007) (0.007) (0.007) (0.003)
Observations 45840 45840 45840 45840
VO Rank Control No Yes No Yes
Dep Var Mean 0.42 0.42 0.51 0.51
Panel B
(H (2) (3) 4)
Area Cultivated  Area Cultivated  Crop Rotation  Crop Rotation
Mean SCs in SHGs in VO -0.00706 -0.00677 -0.00706 -0.00219
(0.005) (0.005) (0.005) (0.005)
Observations 45840 45840 45840 45840
VO Rank Control No Yes No Yes
Dep Var Mean 591.66 591.66 0.71 0.71
Panel C
(H (2) (3) 4)
Farm PGs Farm PGs Non-Farm PGs Non-Farm PGs
Number of SCs in VO  0.01646* 0.01504 0.08661*** 0.08324***
(0.010) (0.010) (0.013) (0.013)
Observations 45840 45840 45840 45840
VO Rank Control No Yes No Yes
Dep Var Mean 0.17 0.17 1.30 1.30

Notes: The outcome in Panel A is if any SHG in the VO has received an HRF or FSF loan. In Panel B, the outcome
is the area cultivated in hectares and crop rotation by SHGs under a VO that participated in the farmer program (FP).
The outcome in Panel C is the number of members that participated in Farm and Non-Farm Producer Groups(PG). All
variables are standardized. Columns 1 and 3 controls for first year of SHG in VO and VO size, whereas Columns 2 and
4 controls for VO rank and VO size. All regressions include village fixed effects and standard errors are clustered at
the village level. The dependent variable mean is also shown in the bottom row. ***p < 0.01, **p < 0.05, * p < 0.1
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Table A.6: 2SLS estimation on Other Cooperation outcomes

(L (2) 3) “4)
HRF HRF FSF FSF
Number of SCsin VO  0.29008***  0.10465***  0.47041***  0.24345***
(0.026) (0.025) (0.026) (0.025)
Observations 45691 45691 45691 45691
VO Rank Control No Yes No Yes
Dep Var Mean 0.42 0.42 0.51 0.51
() (2) (3) 4
Area Cultivated ~ Area Cultivated  Crop Rotation  Crop Rotation
Mean SCs in SHGs in VO 0.01728 -0.00025 0.04228** 0.02120
(0.016) (0.015) (0.019) (0.020)
Observations 45691 45691 45691 45691
VO Rank Control No Yes No Yes
Dep Var Mean 591.20 591.20 0.71 0.71
() (2) (3 4)
Farm PGs Farm PGs Non-Farm PGs Non-Farm PGs
Number of SCs in VO  0.07974**  0.04868 0.24518*** 0.17674***
(0.034) (0.036) (0.039) (0.040)
Observations 45691 45691 45691 45691
VO Rank Control No Yes No Yes
Dep Var Mean 0.17 0.17 1.30 1.30

Notes: The outcome in Panel A is if any SHG in the VO has received an HRF or FSF loan. In Panel B, the outcome is
the area cultivated in hectares and crop rotation by SHGs under a VO that participated in the farmer program (FP). The
outcome in Panel C is the number of members that participated in Farm and Non-Farm Producer Groups(PG). Number
of SCs in VO and Mean SCs in SHGs in VO are instrumented by the expected numbers in the VO. All variables are
standardized. Columns 1 and 3 controls for first year of SHG in VO and VO size, whereas Columns 2 and 4 controls
for VO rank and VO size. All regressions include village fixed effects and standard errors are clustered at the village
level. The dependent variable mean is also shown in the bottom row. ***p < 0.01, **p < 0.05, * p < 0.1
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Table A.7: Impact on Key Cooperation Outcomes (Full Sample)

Panel A
(1) (2) 3 4) (5) (6)
ICF ICF ICF ICF ICF ICF
Number of SCs in VO 0.42064***  0.22225***  0.35165***  0.64344***  0.16292***  (0.38115"**
(0.025) (0.026) (0.026) (0.065) (0.028) (0.065)
Observations 72973 72973 55826 16820 55826 16820
Cohort Full Sample Full Sample 2012-2016  2017-2023  2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 0.82 0.82 0.86 0.68 0.86 0.68
Panel B
(H 2 3 “4) )] (6)
FP FP FP FP FP FP
Mean SCs in SHGs in VO  0.09189***  0.06506***  0.09580***  0.08665**  0.07008*** 0.04942
(0.018) (0.018) 0.021) (0.037) (0.021) (0.037)
Observations 72973 72973 55826 16820 55826 16820
Cohort Full Sample Full Sample 2012-2016  2017-2023 2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 347 3.47 3.58 3.12 3.58 3.12
Panel C
(1) 2 3) “4) %) (6)
PG PG PG PG PG PG
Number of SCs in VO 0.22287***  0.18404***  0.28161*** 0.04006 0.23727*** 0.02907
(0.034) (0.035) (0.042) (0.031) (0.042) (0.036)
Observations 72973 72973 55826 16820 55826 11609
Cohort Full Sample Full Sample 2012-2016 2017-2023 2012-2016  2017-2023
VO Rank Control No Yes No No Yes Yes
Dep Var Mean 1.24 1.24 1.53 0.27 1.53 0.30

Notes: The outcome in Panel A is if any SHG in the VO has received an ICF loan. In Panel B, the outcome is the
number of SHGs under a VO that participated in the farmer program (FP). The outcome in Panel C is the number
of members that participated in Producer Groups(PG). Number of SCs in VO and Mean SCs in SHGs in VO are
instrumented by the expected numbers in the VO. All variables are standardized. Columns 3 and 4 as well as 5 and 6
further divides the sample by first VO formation date in the village. Columns 1, 3 and 4 controls for first year of SHG
in VO and VO size, whereas Columns 2, 5, and 6 control for VO rank and VO size. All regressions include village
fixed effects and standard errors are clustered at the village level. The dependent variable mean is also shown in the
bottom row. ***p < 0.01, **p < 0.05, * p < 0.1
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Table A.8: Impact on Cooperation outcomes (SC shares)

ey @) 3) “ &) (6)
ICF ICF FP FP PG PG
SC share in VO 0.26953***  0.08299***  0.07149***  0.02191  0.23098***  0.16340***
(0.024) (0.023) (0.024) (0.024) (0.037) (0.037)
Observations 45691 45691 45691 45691 45691 45691
Cohort IV Sample IV Sample IV Sample IV Sample IV Sample IV Sample
VO Rank Control No Yes No Yes No Yes
Dep Var Mean 0.82 0.82 3.90 3.90 1.47 1.47

Notes: The outcomes are if any SHG in the VO has received an ICF loan in Columns 1 and 2, the number of SHGs un-
der a VO that participated in the farmer program (FP) in Columns 3 and 4 and the number of members that participated
in Producer Groups(PG) in Columns 5 and 6. SC share in VO is the share of SCs in the VO which is instrumented
by the expected share. All variables are standardized. Columns 1, 3, and 5 controls for first year of SHG in VO and
VO size, whereas Columns 2, 4, and 6 control for VO rank and VO size. All regressions include village fixed effects
and standard errors are clustered at the village level. The dependent variable mean is also shown in the bottom row.
*#*p < 0.01, ¥*p < 0.05, * p < 0.1
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Figure A.9: Outcomes and Number of SCs and Predicted SCs in VOs
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Notes: The figure shows the relationship between the 3 main outcomes and the number of SCs (left panel) and the
predicted number of SCs (right panel) in a VO. The figure plots binned means across 20 bins. The relationship is
shown for the early village-VO cohorts only (2012-2016). The top figure shows the binary indicator for receiving the
ICF, middle shows number of SHGs from the VO in the farmer program, and bottom shows number of members from
VO in a producer group. All variables are standardized.

122



Table A.9: 2SLS results for non-majority and majority SC VOs

ey 2 3) “) &) (6)
ICF ICF FP FP PG PG
Number of SCs in VO 0.65053***  2.07805*** 0.23801***  0.37831
(0.056) (0.632) (0.062) (0.631)
Mean SCs in SHGs in VO 0.16377***  0.02341
(0.048) (0.169)
Observations 37959 3423 37959 3423 37959 3423
Sample IV Sample IV Sample IV Sample IV Sample IV Sample IV Sample
Dep Var Mean 0.81 0.83 3.94 3.71 1.32 2.11

Notes: The table shows 2SLS results for VOs with below majority (SCshare < 50%) and above majority
(SCshare > 50%) SCs. The outcomes are if any SHG in the VO has received an ICF loan in Columns 1 and 2,
the number of SHGs under a VO that participated in the farmer program (FP) in Columns 3 and 4 and the number of
members that participated in Producer Groups(PG) in Columns 5 and 6. Number of SCs in VO and Mean SCs in SHGs
in VO are instrumented by the expected numbers in the VO. All variables are standardized. All columns control for
first SHG date in VO and VO size. All regressions include village fixed effects and standard errors are clustered at the
village level. The dependent variable mean is also shown in the bottom row. ***p < 0.01, **p < 0.05, * p < 0.1
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Figure A.10: Fractionalization and Number of SCs in a VO
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Notes: The figure shows how fractionalization in VOs is related to the number of SCs. Fractionalization is calculated
using all 4 ethnicity types. The figure shows binned means across 20 bins. The figure is shown for the IV Sample
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Table A.10: Early vs Late Block Villages: Balance

(1) ) T-test
Later Block Villages  Early Block Villages Difference
Variable N Mean/SE N Mean/SE (DH-(2)
total population 3399 2283.722 886 2056.973 226.749**
(42.456) (73.348)
SC female population 3399 196.257 886 185.708 10.549
(3.607) (7.771)
distance nearest town 3062 23.307 772 20.915 2.393%5%
(0.287) (0.436)
total schools 3458 1.542 916 1.338 0.204 %>
(0.033) (0.058)
total health facilities 3458 0.042 916 0.033 0.009
(0.004) (0.006)
female share working 3399 0.277 886 0.283 -0.006
(0.003) (0.006)
female agriculture work share 3399 0.334 886 0.360 -0.026%**%*
(0.005) (0.009)
female manufacturing work share 3399 0.016 886 0.015 0.001
(0.001) (0.002)
first year of SHG formation 3458 2014.333 916 2014.277 0.056
(0.035) (0.084)
F-test of joint significance (F-stat) 7.907%**
F-test, number of observations 3834

Notes: The table compares remaining villages in the early pilot blocks of SHG program implementation with villages
in later blocks in the same districts on the village characteristics listed above from the 2001 Census.
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Table A.11: NRETP Blocks and Outcomes: 2SLS results

(D 2 3 4 )] (6)

ICF ICF FP FP PG PG
Number of SCs in VO 0.40928***  0.34916*** 0.29617***  0.24633***

(0.066) (0.028) (0.111) (0.042)
Mean SCs in SHGs in VO 0.08359 0.05195**
(0.053) (0.022)

Observations 5801 39890 5801 39890 5801 39890
NRETP Block Yes No Yes No Yes No

Notes: The table shows 2SLS results for VOs in GPs that were designated as NRETP blocks and those that were
not.The outcomes are if any SHG in the VO has received an ICF loan in Columns 1 and 2, the number of SHGs under
a VO that participated in the farmer program (FP) in Columns 3 and 4 and the number of members that participated in
Producer Groups(PG) in Columns 5 and 6. Number of SCs in VO and Mean SCs in SHGs in VO are instrumented by the
expected numbers in the VO. All variables are standardized. All columns control for first date of SHG in VO and VO
size. All regressions include village fixed effects and standard errors are clustered at the village level. ***p < 0.01,
*#p < 0.05, * p < 0.1
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Figure A.11: ICF Loan Distribution
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Notes: The figure shows the mean amount of ICF loans distributed per SHG per year for VOs with lower (blue bar) and
greater (orange bar) than the median SC share. The top figure shows this for villages that first received VOs between
2012-2016 and the bottom figure shows for villages that first received VOs between 2017-2023.
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Figure A.12: SCM and Non-SCM participation in a PG from the same VO
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Notes: The figure shows mean participation in Producer Groups from the same VO by at least 1 SC majority and at
least 1 non-SC majority SHG denoted by “both” on the Y-axis. The sample is the IV sample and is restricted to earlier
VO cohort villages (2012-2016) and if there is any PG participation in the VO.
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A.2 Regression Discontinuity Design

A2.1

Algorithm and Estimating Equation

* The algorithm is as follows:

— In a village I first sort and rank VOs by the first SHG formation date in the VO.

— I then create unique VO pairs without reusing VOs as follows. For example, if a village

has 4 VOs, sorted by the first SHG formation date, denoted d1, d2, d3, d4, then I create
the pairs (d1, d2), (d3, d4). The number of VO pairs is determined by taking the floor
of the number of VOs in the village divided by two. If a village has an odd number of

VOs, then the last VO is dropped.

— I restrict the sample of VO pairs to where VOs are formed such that there is no overlap

i.e. SHGs in the first VO were all formed before SHGs in the second VO.

— I designate the border as the mid-point of the last SHG formation date for the earlier

VO and first SHG formation date for the later VO. Specifically, for each VO pair, that
is sorted in time by first SHG formation date in the VO, I specify the boundary for VO
pair p = (d;, d;), as the mid-point between the last SHG in VO d; and the first SHG in

VO d;

5.

— The running variable (T'emporal Distance;q,) for each pair is the distance between the

formation date of each SHG 7 in VO d from the pair border and calculated in days.

— For each SHG 7 in VO d, I calculate the exposure to other SCs in the VO by summing

all SCs in the other SHGs that are part of the VO. I calculate the mean of this variable
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and call it other _SC _exposure for each VO d.

For example, with three SHGs in a VO containing 4, 5, and 0 SCs respectively, the first
SHG’s exposure would be 5 + 0 =5 SCs, the second SHG’s exposure would be 4 + 0 =
4 SCs, and the third SHG’s exposure would be 4 + 5 =9 SCs. I then compute the mean

other SC exposure across all SHGs in this VO which is 6 in this example.

Next, I arrange VOs so that VOs with a higher Other_SC _exposure have positive

values for the running variable (T'emporal Distance;q).

Let’s take 2 VOs ordered by mean other SC exposure as described above. Lets denote
the VO with the higher other SC exposure using a binary indicator MoreOtherSCj to
start. I can then measure the effect of being in a higher SC exposure VO compared to
the lower SC exposure neighboring VO, by regressing outcome Y;,; for SHG 7 in VO d

on the treatment indicator and a control for distance to VO pair border as follows.

Yia = ap + oy MoreOtherSCy + f(Temporal Distance;q) + €;q (A.1)

Next, to estimate the per unit other SC exposure effect I can divide o by the difference
in the number of other SC exposure between the VO pair. An equivalent estimator
would regress Y;; on Other _SC _exposurey instrumenting Other _SC' _exposureg with

MoreOtherSC,.

Now I include all VO pairs as described earlier. Outcomes are denoted for each SHG ¢
in a VO d that is part of a pair p in village v . In addition I include village fixed effects

(8,) to compare pairs within a village. The estimating equation is:
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Yiap = Bv + B10ther _SC_Exposureq + f,(Temporal Distance;ap) + €iqp  (A.2)

A.2.2 Tables and Figures

Table A.12: Difference in exposure to number of other SCs

(1) 2 (3
Num VO SC  Num VO SC Num VO SC
RD_Estimate  21.60579***  23.58767*** 1.14905***
(0.790) 0.712) (0.035)
Observations 147070 78105 78105
BW 360 360 360
N (left) 32842 27328 27328
N (right) 53127 31534 31534
Sample Overall Paired Paired

Notes: Column 1 shows the jump in exposure to other SCs in the full sample for SHGs created within a bandwidth
of 360 days, Column 2 shows the same in a restricted and paired sample. Column 3 shows the standardized jump in
exposure. Columns 2 and 3 includes village fixed effects. Standard errors are clustered at the VO level. The “Paired”
sample includes the following restrictions: the sample is restricted to VO pairs that have at least 1 SHG on either side
of the boundary within 360 days as well as to between 5% and 95% of VO size and at least 3 SHGs in each VO in the

VO pair.
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Table A.13: Participation in the Farmer Program and Producer Groups

(D () 3) 4
FP FP PG PG
RD Estimate  -0.00199 -0.02298 0.06207° 0.06823*"
(0.036)  (0.036)  (0.037)  (0.031)
Observations 147070 78105 147070 78105

BW 360 360 280 360
N (left) 32842 27328 27941 27328
N (right) 53127 31534 44926 31534
Sample Overall Paired Overall Paired
Village FE No Yes No Yes

Notes: The table shows results using Eq 7 in Section 9.1.1 . All variables are standardized. Columns 1 and 2 shows
participation in the Farmer Program (FP) in the full sample and in the paired and restricted sample respectively.
Columns 3 and 4 shows the same for participation in Producer Groups. Standard errors are clustered at the VO level,
and Columns 2 and 4 include village fixed effects. The “Paired” sample includes the following restrictions: the sample
is restricted to VO pairs that have at least 1 SHG on either side of the boundary within 360 days as well as to between
5% and 95% of VO size and at least 3 SHGs in each VO in the VO pair.
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Notes:The graph plots mean residualized outcomes (after removing village fixed effects) in bins within a bandwidth
of 360 days from the temporal boundary between a VO pair. Each pair is ordered such as VOs with a higher mean
(other SHG) SC exposure is on the right side. The sample is restricted to VO pairs that have at least 1 SHG on either
side of the boundary within 360 days as well as to between 5% and 95% of VO size and at least 3 SHGs in each VO

in the VO pair.
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A.3 Model on Inter-Ethnic Contact and Identity Choice

This section presents a simple model on outlining the benefits and costs of inter-ethnic con-
tact and identity choice in the context of the networks of SHGs (called Village Organizations or
VOs) discussed in the paper. When members need to work across ethnic groups, the main trade-off
is between benefits from additional loans and economic activity and information that is now feasi-
ble with better cooperation under a VO. I assume this is greater as a greater number of individuals
can work together under a VO, which will often require working across ethnicities. I incorporate
two kinds of costs. First, a loss of social status stemming from say social sanctions from own
group individuals if the individual has chosen a cross-ethnic identity ( Shayo, 2020, Bénabou and
Tirole, 2011, Bénabou and Tirole, 2006). Second, costs related to inter-ethnic mixing commonly

referred to in the literature as a form of inter-group antagonism (D. Ray and Esteban, 2017).

A.3.1 Setup

I simplify and build off the model presented in Bazzi et al., 2019. Consider a VO that has 2
ethnic groups, with both high (/) and low (L) caste categories that are exogenously assigned. I
also assume that members are assigned to VOs exogenously (due to both timing of formation of
the SHG and VO federation rules discussed in the paper).

Once placed into a VO, members must choose between two identities; adopt a “Jeevika” (J)
identity or keep their ethnic identity (which I indicate as “Not Jeevika” or N.J). The “Jeevika”
identity is defined as adopting the broader identity of the SHG program including the ideals of

cooperation and sisterhood that are often re-enforced in meetings and various activities.'

IThis is the name of the SHG program in Bihar, India. The identity is often made salient either by program staff
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Therefore, individuals have an exogenously given ethnicity (high or low), but can choose
their identity (Jeevika or Not Jeevika)

The timing of decisions is as follows. I simplify by restricting the identity choice to when
members are first incorporated into a VO, as a one-time decision which lasts for eternity.” Benefits
are realized at the end of a period. Therefore, when it is time to choose, members compare expec-
tations of payoffs based on the benefits and costs outlined below, and adopt the strategy with the
highest payoff.

Additionally, contact probability is assigned exogenously in a VO based on ethnicity shares
in a set of eligible SHGs during VO formation. However, the share of members that have adopted

a Jeevika identity is endogenous.

A.3.2 Payoffs

For simplicity, I assume the payoffs are the same for higher or lower caste group members.
Let 7 capture the benefits from loans, farmer programs, and livelihood activities described in the
paper. I assume these benefits are greater when members choose the common Jeevika identity
over the Not Jeevika identity since this will allow access to more opportunities i.e. (77 > 7V7).
However, I hold the benefits constant based on identity choice, and let costs vary based on the
different interactions that can occur.

There are two types of costs. Let C' reflect costs of coordinating with others who have also

chosen the same identity. I can assume C'/ > C"7 since the latter costs reflect coordination mostly

with own group members and the former will include coordination across ethnic groups. Finally, let

or even by others in the village. For instance, SHG program members are often called “Jeevika didis” in the village,
which translates approximately to “sisters of Jeevika”.

’This can be easily extended to a more realistic setting of members making this choice periodically as in Bazzi
etal., 2019.
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Table A.14: Payoffs

Individual Choice Interaction Type Other’s Choice Payoffs Rationale

Jeevika Own-group Jeevika xl —C7 Jeevika benefits with coordination
costs
Own-group Ethnic i No coordination costs with own
group members
Inter-group Jeevika xl —C7 No inter-group antagonism since

common identity but coordination
costs remain.

Inter-group Ethnic 7/ — D7 Cost is inter-group antagonism but

lower than baseline antagonism
Ethnic Own-group Jeevika a7 Not Jeevika or ethnic identity bene-

fits

Own-group Ethnic aNJ — CNJ  Intra-group coordination costs

Inter-group Jeevika aNJ — DNJ Cost is baseline inter-group antago-
nism

Inter-group Ethnic aNJ — DN/ Costs is baseline inter-group antag-
onism

D be the cost arising from interactions with members of other ethnic groups. Intuitively, the cost is
higher for Not Jeevika identity adopters since we assume disutility from interaction with members
with this new identity is less than baseline or traditional inter-ethnic disutility (i.e., DNJ > D).
Additionally, we assume there is no antagonism when members from different ethnic groups who
have chosen the common Jeevika identity interact. Each payoff and the corresponding rationale is
shown in Table A.14.

I show below calculations of the expected payoffs (EP;) where g € (H, L) andi € (J,NJ)
specifically for a high caste member(H) choosing Jeevika(J) or maintaining an ethnic identity
(NJ).? The exogeneous ethnic shares from SHGs that form a VO are py and the endogenous share

of these members that choose Jeevika is g,,.

3The example shows the decision for a high caste member since lower caste members may be more open to adopting
a different identity compared to higher caste members.
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High caste member choosing Jeevika:

EP} = puqu(t’ — C”") + pu(1 — qu)7’ + prac(v” — C7) +pr(1 — q1)(x” — D7)

=7 — puquC’ — prarC’ — pr(1 — q1)D’ (A.1)

High caste member choosing Not Jeevika (own ethnicity):

EPY” = ppaum™” + pu(1 — qu) (™ = CV) + prap (a7 — DN) + pr(1 — q1) (=" — DV7)

=1 —pu(1 — qy)CN' — pp DV (A.2)

Choosing one identity over the other will then depend on a few factors. First, it will depend

J —1F . Second, the cost includes both co-

on the additional benefits from greater cooperation i.e. 7
ordination costs and inter-group antagonism. Additionally, the exogenous and endogenous ethnic

shares and shares that choose the Jeevika identity will influence payoffs.

A.3.3 Equilibrium

We first assume that there is some representation of high caste and low caste members in the
VO ie., p;, # 0 and g1, # 0, which is generally true and observed in actual VO composition. In
addition, if benefits of cooperation were extremely high, or costs of coordination and interaction
extremely low, everyone would choose the Jeevika identity. If the opposite was true, no one choose
Jeevika. In this section, we focus on the interior solution, i.e., on the equilibrium where a member
is indifferent between choosing Jeevika and Not Jeevika. Below, we equate Equations 1 and 2

to model the conditions under which a high caste member chooses Jeevika (qy) specifically with
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respect to the share of low caste members in the VO (pr):

7 — puquC? — prarC’ — pr(1 — qu)D? = 77 — pu(1 — qur)CN7 — p, DN/

qu = (77 —a™) + (1 — pr)CY — pLB
" (1 —pr)(C7 + CNY)

(A.3)

where:

B=q,C’+(1—-q)D’ — DN’

A.3.4 Increasing share of low caste members in a VO

To understand how high caste members respond to an increase in the share of p;, we calcu-

late:

dqn 7 —aNJ - B (A4)
opr, (1 —pL)2(C7 +CNY) )

Then, higher adoption of the common Jeevika identity by high caste members depends on

the sign of the numerator, i.e., specifically if the following condition holds:

o — N 5 B (A5)

Substituting and rearranging to separate benefits and costs yields:
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7l — 7N > 07+ (1 - EL)D" — DN/ (A.6)

Benefits Costs

The left side represents the additional benefits of adopting the common Jeevika identity (77 —
7N7). The right side captures costs: coordination costs (q;,C*) and antagonism costs ((1 — ¢z, )D”

_ DNJ).

For VOs to generate positive diversity effects, it must:

1. create substantial cooperation benefits through access to loans and livelihood activities (high

2. reduce coordination costs through better implementation and facilitation of the program.
This reduces both coordination costs, C/ and antagonism towards common identity adopters

(D7)

Figure A.14 plots the adoption by high caste members of the Jeevika identity as the share
of low caste members increase in the VO. Assuming 7/ — 7/ > B, the relationship between
low caste shares and diversity in the VO (p;) and high caste Jeevika adoption (qz) is positive -
more lower caste members leads to more cooperation. The relationship is predicted to be convex,

meaning the effect accelerates at higher values of py.
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Figure A.14: High caste Jeevika Identiy Adoption with increasing share of Low caste
members
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Appendix B:  Supplementary Materials for Chapter 2

B.1 Additional Tables and Figures

Figure B.1: Percentage of villages reached by the SHG program (2011-2021)

mean of treatment
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Notes: Total GPs in Bihar state = 8,392 (Census 2011). Data source: SHG program administrative data.

Table B.1: Number of female and SC candidates running for local elections in 2016

2014

87

2015 2016

2017

2018

2019

2020

2021

Num female candidates Num SC candidates Num GPs

Reserved for women in 2016  10.9 2.6 3,720
(6.3) (5.2)

Reserved for SC in 2016 5.2 13.5 1,377
(7.5) (6.3)

Reserved for OBC in 2016 5.3 0.0 1,416
(7.6) (0.2)

Unreserved in 2016 0.1 0.9 2,879
(1.1) (1.5)

Notes: 557 and 573 GPs have both women + SC and women + OBC reservations respectively.

Data source: 2016 GP Elections administrative data.
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Figure B.2: Evolution of Groups in RCT sample
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Notes: The figure shows the evolution of SHGs across treatment and control GPs. Eighty nine treatment GPs randomly
assigned to receive the SHG program in 2012, 90 control GPs received program in 2014.
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Table B.2: Number of SC and ST candidates running in treatment GPs in the 2016
local elections

Panel A: All SCs and STs
(L (2) 3)
RCT
RCT v Het
Treated 2.623** 0.170
(1.025) (0.370)
# of Groups 0.054***
(0.017)
SC_ST _Reserved 13.295%**
(1.024)
Treated X SCST Reserved 2.872*
(1.642)
Observations 179 179 179
Fixed Effects Strata Strata Block
Control Mean 2.79 2.79 2.79
Panel B: SC ST Women
(1) 2 3)
RCT
RCT v Het
Treated 1.607%* 0.162
(0.688) (0.364)
# of Groups 0.033%#*
0.011)
SC_ST_Reserved 3.953%**
(1.334)
Treated X SCST Reserved 4.120%*
(2.286)
Observations 179 179 179
Fixed Effects Strata Strata Block
Control Mean 1.00 1.00 1.00

Notes: The outcome variable is the number of SC and ST candidates in Panel A and SC and ST Women candidates
in Panel B. Cols 1 shows the results for the RCT. Col 2 shows the number of groups in 2016 instrumented using the
Treated instrument. Col 3 shows results using the SC or ST reservation indicator in 2016 and the interaction with
earlier SHG rollout. All regressions include village controls including GP total and SC and ST population, area, and
distance to the district headquarter controls, as well as if the GP was reserved in the past for women. Robust standard
errors are shown in brackets.
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Table B.3: Number of Women candidates running in treatment GPs in the 2016 local

elections
(D 2 3) 4)
RCT RCT
RCT v Unreserved Het
Treated -0.345 -0.094
(1.011) (0.303)
# of Groups -0.007
(0.015)
1.Treatment 0.073
(0.444)
Women_Reserved 10.231***
(0.919)
Treated X Women Reserved 1.305
(1.320)
Observations 179 179 62 179
Fixed Effects Strata Strata None Block
Sample All All All Unreserved All
Control Mean 6.22 6.22 1.20 6.22

Notes: The outcome variable is the number of female candidates. Col 1 shows the results for the RCT. Col 2 shows the
number of groups in 2016 instrumented using the T'reated instrument. Col 3 shows results for the sample excluding
GPs reserved for SCs, OBCs and Women in 2016. Col 4 shows results using the Women reservation indicator in 2016
and the interaction with earlier SHG rollout. Fixed Effect denotes whether the paired RCT strata or block fixed effects
were used. All regressions include village controls including GP total and SC population, area, and distance to the
district headquarter controls, as well as if the GP was reserved in the past for women. Robust standard errors are
shown in brackets.

Table B.4: Number and Characteristics of Candidates running in SC and Female Re-
served GPs in the 2016 local elections

(H (2 (3) 4)
SC Women Education Asset Score Jati Population
Treated -0.075 0.168 0.132 -0.032
(0.195) (0.156) (0.150) (0.149)
SC_Fem_Reserved 10.860%** -0.280 0.167 0.042
(1.485) (0.604) (0.765) (0.564)
Treated X SC Fem Reserved 4.599%** -0.764 -0.973 -0.259
(2.208) (0.659) (0.817) (0.632)
Observations 179 179 175 179
Fixed Effects Block Block Block Block
Sample All All All All
Control Mean 2.74 6.47 0.72 6.80

Notes: The outcome variable is the number of SC female candidates in Col 1. Col 2-4 shows the standardized years of
education, the standardized asset based poverty score for candidates and the standardized log of Jati population. The
poverty score is calculated by matching candidates to the SECC data and based on principal components analysis of
households assets, which is subsequently aggregated to the GP level. The non-standardized means for the outcome
variables is shown in the last row of the table. All regressions include village controls including GP total and SC
population, area, and distance to the district headquarter controls, as well as if the GP was reserved in the past for
women. Robust standard errors are shown in brackets.
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Table B.5: Number of SC and SC Women candidates running in treatment GPs in the
2021 local elections

All SCs
AONC) (3) @) )
RCT RCT
RCT v Unreserved Het RD-RCT
Treated 0.772 -0.135 0.099
(0.559) (0.241) (0.216)
num_groups_2020 0.141
(0.163)
1.Treatment 0.032
(0.182)
SC_Reserved 7.512%**
(0.848)
Treated X SC Reserved -1.075
(1.076)
Treated X SC Reserved -1.001
(1.325)
Observations 167 167 59 167 167
Fixed Effects Strata Strata None Block Block
Sample All All All Unreserved All All
Control Mean 1.48 1.48 0.54 1.48 1.48
SC Women
9] 2 (3) “4) &)
RCT RCT
RCT v Unreserved Het RD-RCT
Treated 0.722* 0.045 -0.069
(0.377) (0.209) (0.185)
num_groups_2020 0.132
(0.137)
1. Treatment 0.073
(0.170)
SC_Reserved 2.564**
(1.042)
Treated X SC Reserved 1.236
(1.461)
Treated X SC Reserved 1.145
(1.034)
Observations 167 167 108 167 167
Fixed Effects Strata Strata Strata Block Block
Sample All All Caste Unreserved All All
Control Mean 0.55 0.55 0.19 0.55 0.55
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Notes: The outcome variable in the top panel is the number of SC candidates running in the local village elections in
2021. The bottom panel shows the same regressions with SC women as the outcome variable. Col 1 shows the results
for the RCT. Col 2 shows the number of groups in 2020 instrumented using the T'reated instrument. Col 3 shows
results for the sample excluding GPs reserved for SCs, OBCs and Women in 2016. Col 4 shows results using the SC
reservation indicator in 2016 and the interaction with earlier SHG rollout. Col 5 shows the results from the RD-RCT
specification i.e. shows the coefficient on the interaction term above the SC reservation cutoff. Fixed Effect denotes
whether the paired RCT strata or block fixed effects were used. All regressions include village controls including GP
total and SC population, area, and distance to the district headquarter controls, as well as if the GP was reserved in the
past for women. Robust standard errors are shown in brackets.



Table B.6: Non-SC candidates running in treatment GPs and SC candidates running in
treatment Wards

9] 2 €)] “4) 5
Total Cand All Non-SC  Non-SC Women All SC Ward SC Ward Women
Treated 0.402 -1.719 -1.546 -0.002 0.046
(0.709) (1.048) (1.067) (0.061) (0.045)
Observations 179 179 179 1435 1435
Fixed Effects Strata Strata Strata Block Block
GP Controls Yes Yes Yes Yes Yes

Notes: The outcomes are Total Candidates, all other Non-SC candidates, and all other Non-SC Women candidates in
Cols 1, 2, and 3 respectively. T'reated is an indicator variable for GPs where SHGs were randomly introduced earlier
in 2012. Cols 4 and 5 are regressions run at the Ward level where the SC population is atleast 1. The outcomes are all
SC candidates and all SC Women candidates running in the Ward elections. All regressions include GP controls and
Strata or Block fixed effects. Cols 1-3 includes robust standard errors, and errors are clustered at the GP level in Cols
4 and 5.

Figure B.3: SC Women participation in Ward Elections (by baseline SC share)
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Notes: The outcome variable is the number of SC Women running in Wards. The figure shows the coefficient on
earlier introduction of SHGs in samples restricted to wards with varying SC population shares. All regressions control
for baseline village characteristics, and include block fixed effects and errors clustered at the GP level.
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Figure B.4: Total Matches by Threshold (In Treatment GPs)
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Notes: The figure shows the number of matches for females and males between candidate households in the the SECC
data and SHG member data. The X-axis shows the matching score thresholds above which we consider the names to
be a match. The process for a successful match is as follows: we first restrict SECC data to candidate households, then
both female member from SHG and father/husband name needs to match to a household in the SECC, and finally the
SHG formation date for female member match needs to be in 2015 and earlier.
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Figure B.5: Block level population based reservations
(a) SC reservations (b) Female reservations

s g % 8 _ o o5 oo —

Notes: Panel (a) shows probability of GP a being reserved for SCs in the 2016 elections; the SC population of a GP
has been normalized by the block-level threshold SC population. Panel (b) shows probability of GP a being reserved
for women in the 2016 elections; the population of a GP has been normalized by the block-level threshold population.
Both figures show a clear jump in the probability of reservation once the threshold is crossed.

Figure B.6: Number of SHGs in 2015 around the SC and Female reservation cutoff
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Notes: Figure shows average number of SHGs formed by 2015 above and below the SC and female reservation cutoffs.
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Figure B.7: RD at the SC-reservation cutoff: SC candidates (optimal bandwidth)
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Notes: The figure shows local RD estimates of the number of Scheduled Caste (SC) candidates in the 2016 GP
elections around the SC-reservation cutoff. The running variable is the GP’s distance to the SC-reservation threshold
in 2016; positive values indicate GPs reserved for SC. The optimal bandwidth is 500.95. Points and fitted lines are
based on the specification in the text, with block fixed effects and robust standard errors. Units on the y-axis are
candidates. Sample restricted to | distance | < 500.95.

149



Table B.7: Candidate Characteristics

Panel A: Index and Education

(1) (2 (©)] 4) )] (6)
Index Index Index Edu Edu Edu
Treated X SC Reserved -0.474 -0.329
(0.374) (0.323)
Groups X SC Reserved -0.693** -0.642%%*
(0.322) (0.244)
of Groups (Instrumented) X SC Reserved -0.929 -0.699
(0.587) (0.553)
Observations 175 175 175 179 179 179
Fixed Effects Block Block Block Block Block Block
Control Mean -0.08 -0.08 -0.08 -0.00 -0.00 -0.00
Panel B: Asset Score and Jati
(1 2 (3) “4) 5) (6)
Asset Asset Asset Jati Jati Jati
Treated X SC Reserved -0.497 -0.089
(0.393) (0.328)
Groups X SC Reserved -0.385 -0.417
(0.345) (0.260)
of Groups (Instrumented) X SC Reserved -0.976 -0.144
(0.651) (0.587)
Observations 175 175 175 179 179 179
Fixed Effects Block Block Block Block Block Block
Control Mean -0.00 -0.00 -0.00 0.00 0.00 0.00

Notes: The outcome variables in Panel (a) is a standardized index of all 3 characteristics (Education, Asset Score, Jati
Population) and standardized years of education. The outcome variables in Panel (b) are the standardized asset based
poverty score for candidates and the standardized log of Jati population. The poverty score is calculated by matching
candidates to the SECC data and based on principal components analysis of households assets, which is subsequently
aggregated to the GP level. Only the interaction term between reservation and SHG terms as well as the instrumented
interaction term are shown. The SHG variable is an indicator for early treatment GPs or number of groups formed by
2015 or an instrumented version of the number of groups. The coefficient for the number of groups is scaled by 100.
All regressions include GP and female reservation controls and block fixed effects with robust standard errors.
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Table B.8: Match Rates of SHG Members and Leaders with Female Candidates (Full

Sample)
Category Meﬁ(c)llirgg te Formula
Total SHG Members 2,758,505
SHG Members Matched to Candidates 2,359
Total SHG Leaders 30,515
SHG Leaders Matched to Candidates 199
Total Candidates 41,745
Match Rate within SHG Members 0.08% SIE Members Sfatched © Sandidates
Match Rate within SHG Leaders 0.65% SH Leaders Marchod to Candidues
Match Rate among Candidates (SHG Members) 5.65% SHG Membets Matched (0 Candidates
Match Rate among Candidates (SHG Leaders)  0.48% SHG Leaders Matched to Candidates

Total Candidates

Table B.9: Match Rates of SHG Members and Leaders with Female Candidates (RCT

Sample)

Category Cm'lnt/ Cour‘lt/ Formula
Match Rate in Treatment Match Rate in Control

Total SHG Members 71,574 54,492
SHG Members Matched to Candidates 51 34
Total SHG Leaders 894 294
SHG Leaders Matched to Candidates 8 0
Total Candidates 452 539
Match Rate within SHG Members 0.071% 0.062% SHG Me?&:{“sﬁgc&iﬁgef:"dida‘“
Match Rate within SHG Leaders 0.89% 0.0% W
Match Rate among Candidates (SHG Members) 11.3% 6.3% SHG Members Matched (o Candidates
Match Rate among Candidates (SHG Leaders)  1.8% 0.0% SHG LC“d.?;:al}défnh;j;fef““dida“’s
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Table B.10: Characteristics of candidates in the 2016 elections that did not match and
those that matched to SHG members

(1 ) T-test
Did not match Matched Difference
Variable N Mean/SE N Mean/SE (DH-2)
OBC 39187 0.523 2558 0.387 0.136%**
(0.003) (0.010)
Other 39187 0.243 2558 0.075 0.168%***
(0.002) (0.005)
SC 39187 0.224 2558 0.530 -0.306%%*
(0.002) (0.010)
ST 39187 0.011 2558 0.009 0.002
(0.001) (0.002)
Years of Education 38966 4.749 2538 4.840 -0.091
(0.025) (0.100)
Age 39173 39.155 2558 39.306 -0.151
(0.055) (0.211)
F-test of joint significance (F-stat) 265.185%**
F-test, number of observations 41490

Notes: The value displayed for t-tests are the differences in the means across the groups. The value displayed for
F-tests are the F-statistics. ***, **_ and * indicate significance at the 1, 5, and 10 percent critical level.
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Table B.11: Characteristics of candidates in the 2016 elections that did not match and
those that matched to the SECC data

(1 ) T-test
Did not match Matched Difference
Variable N Mean/SE N Mean/SE (D-(2)
OBC 646 0.571 1060 0.543 0.028
(0.019) (0.015)
Other 646 0.022 1060 0.002 0.020%**
(0.0006) (0.001)
SC 646 0.232 1060 0.283 -0.051**
(0.017) (0.014)
ST 646 0.175 1060 0.172 0.003
(0.015) (0.012)
Years of Education 640 6.183 1057 6.650 -0.467*
0.221) (0.171)
Age 645 39.932 1058 41.457 -1.525%**
(0.454) (0.351)
F-test of joint significance (F-stat) 6.727%**
F-test, number of observations 1694

Notes: The value displayed for t-tests are the differences in the means across the groups. The value displayed for
F-tests are the F-statistics. ***, **_ and * indicate significance at the 1, 5, and 10 percent critical level.

Table B.12: Downstream outcomes in treatment SHGs: Winners

6] @ 3) “ &)
Woman Age Education Poverty Score Jati_Pop_log
Treated -0.055  -0421 0.693 0.227 0.056
(0.080) (1.810)  (0.940) (0.496) (0.308)
Observations 176 176 174 88 139
Control Mean 7.53 7.53 7.53 1.00 0.64

Notes: The table shows differences in Treated and Control GPs only for the winner. The outcome variables are
characteristics of winners such as Gender, Age, Education, Poverty and Jati size. All regressions include village
controls including GP total and SC population, area, and distance to the district headquarter, as well as if the GP was
reserved in the past for women. The regression also includes block fixed effects and robust standard errors are shown
in brackets.
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Table B.13: Downstream outcomes in treatment GPs: Public Goods and NREGA

(L (2) 3 4) )]
Total Roads Total schools  School Quality Tap water NREGA SC workdays

Treated -0.529 0.197 34.329 0.097 -1343.014

(0.435) (0.424) (59.343) (0.066) (1617.818)
SC_Reserved -0.057 -1.029 -2.358 0.034 435.253

(0.779) (0.888) (25.922) (0.127) (2971.783)
Treated X SC Reserved -0.134 1.143 -83.129 -0.125 -882.047

(1.049) (1.056) (98.900) (0.155) (3753.250)
Observations 179 179 178 178 179
Fixed Effects Strata Strata Strata Strata Strata
GP Controls Yes Yes Yes Yes Yes

Notes: The table shows differences in the match rates for a matching score of 0.99. Col 1. shows that father/husband
of SHG members and leaders between SECC and SHG treatment and control GPs.

Table B.14: Downstream outcomes in treatment SHGs: Access to Loans

() (2) (3
ICF HRF FSF
Treated 0.101%**%  (.247***  (,184%**
(0.024) (0.035) (0.030)
SC_Reserved -0.059 0.030 -0.068
(0.055) (0.070) (0.043)
Treated X SC Reserved 0.012 0.005 0.011
(0.067) (0.090) (0.062)
Observations 175 175 175
Fixed Effects Block Block Block
GP Controls Yes Yes Yes
Control Mean 0.76 0.36 0.56

Notes: Cols 1-3 shows the share of SHGs that have received 3 different kinds of loans by 2024. In Col 1, the outcome
is the share that have received the Initial Capitalization Fund. In Col 2 the outcome is the Health Rish Fund. In Col 3,
the outcome is the share that have received the Food Security Fund. All columns show results using the SC reservation
indicator (SC_Reserved) in 2016 and the interaction with earlier SHG rollout (Treated). All regressions include
village controls including GP population, area, and distance to the district headquarter controls, block fixed effects,
and robust standard errors shown in brackets. All columns show the the control group mean at the bottom.
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Table B.15: Downstream Outcome Description

Variable

Description

Source

Year

All SCs

SC Women

Roads

Schools

School Quality

Piped Water

NREGA SC
workdays

Share of VOs re-
ceived ICF

Share of VOs re-
ceived HRF

Share of VOs re-
ceived FSF

Number of SC candidates running
in the 2021 local elections

Number of Women SC candidates
running in the 2021 local elections

Total roads available in GP from 2
variables that measure the extent to
which the village is connected by
all weather roads and there are in-
ternal gravel roads

Total number of schools including
primary, middle, high, and senior
secondary schools

Total of if primary school has
electricity, computer, playground,
drinking water, mid day meal
scheme, and number of teachers

Share of GP connected with piped
water

Number of workdays completed
by SC individuals in GP between
2017-2020

SHGs are eligible to receive an
Initial Capitalization Fund (ICF)
of $625 after they have conducted
meetings and save regularly for
atleast 6 months

The Health Risk Fund (HRF) is
made available to SHG members to
borrow from at low interest rates in
the case of a health emergencies

The Food Security Fund (FSF) is
typically used to make purchases of
subsidized food rations

Bihar Elections

Bihar Elections

Mission Antyodaya

Mission Antyodaya

Mission Antyodaya

Mission Antyodaya

NREGA MIS

SHG MIS

SHG MIS

SHG MIS

2021

2021

2019

2019

2019

2019

2017-2020

2024

2024

2024
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B.2 Matching description

B.2.1 Matching SECC to candidates

Matching Methodology We matched data on all candidates (N=2108) in the RCT sample of 179
GPs with data on all citizens using the 2012 Socioeconomic Caste Census (SECC). Candidates
were string matched to citizens based on characteristics, including name, guardian’s name, age,

caste, and sub-caste (proxied by last name).

Match Rates We were able to match with high confidence (i.e., matching scores above 0.98) 1287

out of 2108 candidates, yielding a match rate of 61%.

B.2.2 Matching SHG member details to candidates

Matching Methodology We obtained SHG membership data for 5,393 of the 6,124 GPs where at
least one woman contested the 2016 local elections. This restricted our candidate sample to 41,745
female candidates out of the total of 47,101 female candidates. We matched on name, father’s or
husband’s name, and caste category to obtain a matching score. We used a high threshold of 0.98

on the matching score to determine successful matches.

Match Rates Overall, we match 2,359 of the 2,758,505 SHG members (excluding leaders) from
2015 to candidate lists, yielding a match rate of 0.08%. For higher-level SHG leaders (Presidents

and Secretaries of VOs and CLFs), we match 199 of 30,515 individuals, corresponding to a match

rate of 0.65%.
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In the RCT sample, 991 female candidates contested elections in 137 of the 189 GPs.! The

match rate in treated GPs for SHG members is 0.071% and for SHG leaders is 0.89%.

Tables Showing Match Rates See Table B.8 for match rates in the full sample, and Table B.9
for match rates in the RCT sample. Table B.10 shows that candidates who matched with SHG
members, and those who did not, are similar in demographics such as age and education and only

differ on caste (since the SHG program targeted SC households).

IThis includes 63 treatment and 74 control GPs.
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B.3 A Simple Model of Political Entry

We develop a simple model of political entry to understand how SHGs and reservation poli-
cies influence the decision of SC households to contest GP and ward elections. The model is built
on two main ideas. First, following (Dal B6 and Finan, 2018), we treat a candidate’s valence—a
bundle of traits such as competence, reputation, and electability valued by all voters—as the key
supply-side characteristic that interacts with electoral incentives. In our setting, a household’s
valence depends on its education, wealth, and the size of its vote base (proxied by sub-caste size).

Second, we argue that political entry is a household decision rather than an individual one.
Research shows that political attitudes and participation are shaped within families, with support
from household members playing a key role in fostering political ambition (Beck and Jennings,
1982; Fox and Lawless, 2010; Jennings and Niemi, 1981; Verba et al., 1978). In South Asia, patri-
archal norms further reinforce this pattern—men frequently make voting and candidacy decisions
for the household, and political brokers often target families, not individuals (Prillaman, 2023a).
Running for office is a costly activity, and many households designate one member to take on this
role, effectively dividing political labor (Burns et al., 2001). The prevalence of political dynasties,
where multiple family members contest over time, underscores how households act as units of
political investment and action (Cruz et al., 2017; George, 2024; Verma, 2021).2

This assumption is particularly relevant for SHGs, which are restricted to women members,
but whose benefits—such as improved household savings, stronger community ties, and access to
leadership positions—accrue to the household as a whole. This assertion is backed by our data

where we see that across both treatment and control GPs, SHG-linked households field a slightly

’In the context of Bihar, the setting of this paper, this phenomenon has been discussed both theoretically and
empirically in (Bamezai, 2025).
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larger number of male as opposed to female candidates (see Figure B.4), strongly suggesting that
SHG benefits accrue beyond the woman member.
Thus, SHG participation can influence political entry decisions even when the SHG member

herself is not the one contesting.

Determinants of valence. Household A is described by

(wh, €h, Sh, SCh, SHGh),

where w is wealth, e education, s sub-caste size/status, SC;, € {0, 1} indicates Scheduled-Caste
identity, and SHG,, € {0, 1} indicates SHG membership. We summarise these attributes with a

continuous valence index

Uh = g(wh,eh,Sh), Guws Ges Gs > 0, wvp€ [07@]- (B.1)

Higher wealth, schooling, or sub-caste size all raise valence; SHG membership and reservation

affect political entry only through the probability of winning, not through vy, itself.

Reservation indicator. Let 6§ € {0, 1} equal 1 if the GP-head seat is reserved for SC candidates.

B.3.1 Entry Pay-off and Cut-off

Household h considers fielding a member. Entering the race yields expected utility

Uh = P(Uh,Q,SHGh)B — C, (B2)
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where P(-) € (0,1) is the probability of victory, B > 0 the benefit of holding office, and C' > 0
a fixed campaign cost common to all households (independent of valence).® Let R denote the

outside-option utility. Household A enters iff
P(v;,0,SHG,) B > R+ C. (B.3)
Given monotonicity of P in valence, there exists a cut-off
v*(0, SHG) = inf{v . P(v,0,SHG) B > R + C}, (B.4)
so that all households with v;, > v* contest.

B.3.2 Effect of SHG Membership

SHGs benefit SC households through three distinct channels:
1. Liquidity: savings and credit facilities ease the burden of the fixed cost C'.

2. Networks and visibility: wider interpersonal links—often crossing sub-castes—raise the

perceived chance of electoral support, lifting P.

3. Demonstrated leadership: holding positions in the SHG hierarchy serves as a public signal

of organisational ability, further raising P.

Formally, write

P(U,Q,SHG: 1) = P(U,Q,O)—F&p, op > 0.

3The main predictions of the model hold even if we assume that campaign costs are increasing or decreasing in
valence.
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Because (' is fixed, the sole effect of SHGs is to lower the entry threshold in (B.4). In open GPs
(6 = 0) this reduction may be insufficient to offset the generally low baseline winning probability

for SC households, so entry gains can be modest.

B.3.3 Effect of Reservation

SC reservation affects only the demand side of (B.3) by:

P(v,0 = 1,SHG) > P(v,0,SHG), C' unchanged.

Thus v*(1, SHG) < v*(0, SHG). More mid-valence SC households find it worthwhile to run even

without SHG support.

B.3.4 Joint Effect: SHG x Reservation

With both mechanisms operating, the entry threshold is lowest:

* * * *
UsHG+R < VR < UsHG < Upaseline-

Define £™ as the set of entrants under policy 7 € {baseline, SHG, R, SHG+R}. The marginal

entrants triggered only by the interaction

MSHG+R only __ gSHG+R\ (gSHG U gR)
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will have the lowest wealth, schooling, and sub-caste size among all contestants—consistent with

our empirical focus on poorer, less-educated, smaller-sub-caste candidates.

B.3.5 Ward-Level Variant

Ward constituencies are tiny and often caste-homogenous. In 2016, ward members in Bihar
had virtually no authority. While every Panchayat elected around 13-14 ward members along-
side one GP head, power was concentrated entirely in the head’s office. Contemporary accounts
describe ward members as excluded from information, resources, and decision-making (Sharan,
2021). Ward members consistently emphasised the absence of financial powers as the key barrier
to meaningful participation.*

Relative to GP-head contests ward elections feature

+ Low benefits: B" < B.
 Low costs: the fixed cost of canvassing a few hamlets is much smaller (CV < O).

« High baseline success for SCs: P (v) > P(v,0).

The entry rule mirrors (B.3) with BY and C". Because the benefit is tiny while the winning
chances are already high, the net effect on the ward-level threshold v*" is ambiguous.

w

Empirically in Bihar the low-benefit channel appears to dominate, so v*" remains high for

many households. Consequently:

* Reservation produces little additional change: v*"' (1) ~ v*"(0) (wards are often caste

homogeneous)

4As one Dalit ward member put it, “power ha[d] not been given to ward members. This [is] why [the] Mukhiya
acts in an arbitrary manner. Ward members should be given financial and other powers for development work ...
development can pick up if financial powers are given to ward members.” Another noted simply: “No Mukhiya ...
wants to share power with the other representatives in the Panchayati Raj system.” (Sachchidananda, 2007)
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* An SHG bump dp seldom pulls new households across the threshold because most who

could benefit are still far below v*" .

e In wards where SCs are a very high share of the population, P — 1, the increase in proba-

bility of victory and presence of SHG may overcome the low benefits and result in entry

B.3.6 Summary of Testable Predictions

* In treated GPs, SC candidacy in GP head elections increases; the increase is largest in treated

+ Reserved GPs.
— Tested in section 2.4.3

* In treated GPs, new entrants are more marginalised: they are typically poorer, less educated,
and drawn from smaller sub-castes than baseline candidates. These effects are strongest in

SHG + Reserved GPs.
— Tested in section 2.5.1

* In treated GPs and SHG + Reserved GPs, SHG leaders are more likely to enter than SHG

members.
— Tested in section 2.5.2

* SHGe-linked households put forward both men and women as candidates. In treated GPs and

SHG + Reserved GPs, more candidates come from SHG-linked households.
— Tested in section 2.5.2

¢ In treated GPs and SHG + Reserved GPs, voter turnout increases.
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— Tested in section 2.5.4

* In treated GPs, entry effects in lower-tier ward elections are ambiguous. Where the benefits

of entry are limited, entry remains unchanged.

— Tested in table B.6.

B.4 Reservation rule Description

Bihar has reservation for SCs, STs, EBCs (not OBCs) and women. The rule for these is given
below. The crucial takeaway from the sections below is that, focusing solely on SC reservation,
there exists an SC population threshold below which no GP is reserved and above which a majority
of GPs are reserved. Within this set of GPs, there exists another SC population threshold above
which GPs are to be reserved for women. Note, also, that the rule for 2006 is fixed till 2016 (two
election cycles), after which the reservation cycle switches Below, we describe the reservation

algorithm for caste/gender, first for 2006 and then for 2016.

B.4.1 2006

The reservation rule proceeds in the following manner:

* First, based on the proportion of SCs (STs) in the block, the number of GPs to be reserved
for SCs (STs) is decided. If there are N; GPs in block j and 6, is the proportion of SCs (STs)

in block j, then the number of GPs, n;, to be reserved is

n; = round(0; * N;, 1)
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Let ngc and ngr be the number of GPs to be reserved in block 7 for SCs and STs, respec-

tively. The number of GPs to be reserved for EBCs is given by

ngpc = min(round(0.2 x N;, 1), round(0.5 * N; — ngc — ngr, 1))

If there are no STs in the block or ngr is O (which is true in 480 of the 534 blocks), then the
rule skips to the next step. However, if ngp > 0, the rule proceeds by arranging all GPs in

descending order of their ST population. The first GP in the list is then reserved for STs.

Now, all remaining GPs are rearranged in the descending order of their non SCST population.
The first GP on this truncated list is “blocked”. The choice of word is deliberate and conveys

an important distinction: the GP is not “reserved”, it is merely blocked.

Now, all unreserved and unblocked GPs are rearranged in descending order of their SC

population. The first GP in this further truncated list is now reserved for SCs.

This algorithm proceeds until the number of GPs reserved for STs = ngp or the number
reserved for SCs is ngc. Once, a group hits its quota of reserved GPs, then the rearranging of
GPs is no longer done by that group. For instance, if ngr = 1, then, in the second round, GPs
are no longer rearranged by ST population - instead, the rule proceeds straight to rearranging

by non-SCST population.

The algorithm further proceeds till the second group also hits its quota of reserved GPs. This
throws up two sets of GPs, ngy GPs that are reserved for STs and ng- GPs that are reserved

for SCs.
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* Now, all the unreserved GPs (including the “blocked” ones) are collected and arranged by

descending order of GP population.

e The first ngpc GPs in this list is reserved for EBCs.

* Thus, for each block, one can arrive at an SC population cut-off - the SC population of the
last GP to be reserved for SCs - below which no GP is reserved. This threshold varies by

block.

B.4.1.1 Gender Reservation

— All the nge seats determined to be reserved for SCs within a block are arranged in
descending order of SC population and up to 50% of them with the highest populations
are reserved for SC women. For instance, if there are ngc = 3, then 1 GP is reserved
for SC women — the one with the highest SC population. On the other hand, if ngc =

4, then 2 GPs are reserved for SC women — the top 2 highest SC population GPs.

— All the ngp seats determined to be reserved for STs within a block are arranged in de-
scending order of ST population and up to 50% of them with the highest ST populations

are reserved for ST women.

— All the ngpc seats determined to be reserved for EBCs within a block are arranged
in descending order of total population and up fo 50% of them with the highest total

populations are reserved for EBC women.

— All the nggy seats determined to be caste unreserved within a block are arranged in

descending order of non-SCST population and up to 50% of them with the highest
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non-SCST populations are reserved for women.

B.4.2 2016

The reservation rule for 2016 proceeds in a similar manner to that of 2006, with two major
changes. First, it changes the order in which GPs are arranged. In 2006, GPs were arranged
first by STs, then non-SCSTs, then SCs. In 2016, GPs are arranged first by non-SCSTs,
then by SCs, then by STs. Second, since there is no provision for recudrring reservation, no
GP previously reserved for SCs (STs/EBCs) can again be reserved for the same. So, when
GPs are arranged by descending order of population of a particular group, those previously

reserved are struck off the list, even before the algorithm begins.
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Appendix C:  Supplementary Materials for Chapter 3

C.1 Additional Tables and Figures

CareerX Program Implementation Timeline
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Figure C.1: Timeline of CareerX program implementation from September 2021 to
November 2022. Each horizontal bar represents the duration of the BYLC program for
a specific cohort, with blue bars for 2021 cohorts and red bars for 2022 cohorts..
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Table C.1: ESTEEM Framework: Selected Skill Definitions

Skill

Definition

Type

Self-Awareness

Self-Control

Perseverance

Problem-Solving/
Decision-Making

Listening

Expressiveness

Negotiation

Influence

The ability to identify and interpret
one’s own thoughts and behaviors
and to evaluate one’s strengths and
weakness.

The ability to focus one’s attention,
stay on task, break habits, restrain
impulses and keep good
self-discipline.

The ability to sustain effort despite
setbacks.

The ability to approach a problem
by gathering information,
generating a number of solutions
and evaluating the consequences of
these solutions before acting.

The ability to attend to what other
people are saying, taking time to
understand other’s point of view,
ask clarifying questions and not
interrupting at inappropriate times.

The ability to explain ideas in a
way that others will understand and
openly express one’s opinion.

The ability to identify one’s own
and other’s interests during a
disagreement and to change one’s
own behaviors, thoughts and
feelings as a strategy for resolving
interpersonal problems and
achieving one’s goals.

The ability to communicate in a
manner that changes other’s
perspectives and to adapt one’s
behavior in situationally
appropriate ways to influence
others.

Intrapersonal

Intrapersonal

Intrapersonal

Intrapersonal

Interpersonal

Interpersonal

Interpersonal

Interpersonal
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Table C.2: Alternative specification: First differenced outcomes

Follow-up 1 (First Differences)

ey 2 3) “)
A any employ A any paid employ A wages A hours
treatment 0.052** 0.049* 189.528 1.867*
(0.021) (0.026) (542.115)  (1.006)
Observations 1480 1480 1480 1480
Control Mean Change -0.026 -0.020 564.493 -0.188
Follow-up 2 (First Differences)
(1 @) 3) “)
A any employ A any paid employ A wages A hours
treatment 0.037 0.033 2152.508 2.139
(0.037) (0.036) (1366.225)  (1.357)
Observations 1417 1417 1417 1417
Control Mean Change -0.014 0.003 4929.824 3.774

Notes: Dependent variables are first differences (Follow-up - Baseline). All regressions control for gender, age, Dhaka,
number of degrees, parent working, and batch fixed effects. Standard errors clustered by batch in parentheses.

Table C.3: Alternative specification: First differenced outcomes

Follow-up 1 (First Differences)

(H (2) (3)
A intra A inter A SES
treatment 0.118***  0.088*** 0.115***
(0.028) (0.025) (0.024)
Observations 1322 1322 1322
Control Mean Change 0.064 0.029 0.052
Follow-up 2 (First Differences)
treatment 0.155** 0.110 0.146*
(0.062) (0.081) (0.075)
Observations 1393 1392 1393
Control Mean Change 0.448 0.411 0.475

Notes: Dependent variables are first differences in standardized soft skill indices (Follow-up - Baseline). Indices
standardized using control group baseline mean and SD. All regressions control for gender, age, Dhaka, number
of degrees, parent working, and batch fixed effects. Standard errors clustered by batch in parentheses.
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Table C.4: First Stage

ey @

Attended Any  Share Classes

3)

Attended > 50%

Treatment Assignment 0.799*** 0.645*** 0.678***
(0.051) (0.041) (0.045)
Observations 1794 1794 1794
Control Mean 0.010 0.009 0.010
F-statistic 243.16 245.77 227.14

Notes: The table shows 3 measures of attendance. The first column shows a binary variable for having attended any
class, the second shows that overall share of classes attended, and third a binary variable for having attended half of
all classes. All regressions include BYLC batch fixed effects and errors are clustered at the batch level. The F-statistic

is shown in the bottom row. ***p < 0.01, **p < 0.05, * p < 0.1

Table C.5: Heterogeneity in Employment outcomes by Dhaka

Follow-up 1
6] 2 3 “)
any employment paid employment wages hours
treatment 0.023 0.020 -1043.165 0.129
(0.022) (0.030) (638.152)  (1.105)
dhaka -0.005 0.009 -1324.499**  -0.075
(0.017) (0.028) (484.425)  (1.047)
treatment X dhaka 0.033 0.029 2243.101***  1.610
(0.023) (0.033) (677.641)  (1.335)
Observations 1480 1480 1480 1480
Control Mean 0.62 0.60 6454.52 13.15
Follow-up 2
ey (@) 3 “
any employment paid employment wages hours
treatment 0.035 0.022 -744.651 1.262
(0.032) (0.024) (1021.000)  (1.228)
dhaka 0.022 0.023 -1634.877  3.958**
(0.024) (0.023) (2333.133)  (1.459)
treatment X dhaka -0.017 -0.004 5058.478 -0.288
(0.036) (0.037) (3243.109)  (1.451)
Observations 1417 1417 1417 1417
Control Mean 0.63 0.61 10597.92 16.83

Notes: The table shows the heterogeneity in treatment effects by gender (female) on any employment, any paid
employment, wages and hours worked in a typical week at first follow-up (top panel) and second follow-up (bottom
panel). All regressions controls for the baseline value of the outcome variable. All regressions include BYLC batch
fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table C.6: Heterogeneity in Planning, Effort, and Socio-Emotional Skills Outcomes

by Dhaka
Follow-up 1
ey 2) 3) “) &)
planning  effort  intra-personal inter-personal ses
treatment 0.176* -0.032 0.115** 0.051 0.101**
(0.083)  (0.108) (0.040) (0.045) (0.038)
dhaka 0.085 -0.130 0.021 -0.226%** -0.094*
(0.121)  (0.121) (0.063) (0.063) (0.052)
treatment X dhaka  -0.077 0.008 -0.042 0.027 -0.020
(0.108)  (0.173) (0.061) (0.074) (0.061)
Observations 1480 1484 1322 1322 1322
Control Mean 2.04 1.57 0.03 0.04 0.04
Follow-up 2
ey 2 3) “) &)
planning  effort  intra-personal inter-personal ses
treatment 0.096 0.038 0.082* 0.052 0.078
(0.123)  (0.092) (0.043) (0.084) (0.064)
dhaka -0.025 -0.078 -0.080 -0.182* -0.133
(0.084)  (0.098) (0.101) (0.088) (0.099)
treatment X dhaka  -0.148 -0.166 0.027 0.059 0.038
(0.130)  (0.126) (0.063) (0.074) (0.064)
Observations 1416 1421 1393 1392 1393
Control Mean 2.09 2.00 -0.02 -0.04 -0.03

Notes: The table shows the heterogeneity in treatment effects by gender (female) on planning, effort and soft skills
including intra-personal, inter-personal and the index of all soft skills (ses) at first follow-up (top panel) and second
follow-up (bottom panel). All regressions controls for the baseline value of the outcome variable. All regressions
include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, * p < 0.1
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Table C.7: Heterogeneity in Employment outcomes by Higher Degree

Follow-up 1
(H (2) (3 4)

any employment paid employment wages hours

treatment 0.043 0.044* 740.590 0.996
(0.026) (0.024) (615.331)  (1.002)

masters 0.035 0.040 1684.916** 1.988
(0.031) (0.031) (580.147)  (1.382)

treatment X masters -0.003 -0.023 -1817.843*  0.330
(0.044) (0.039) (872.856)  (1.735)

Observations 1480 1480 1480 1480

Control Mean 0.62 0.60 6454.52 13.15

Follow-up 2
(1) (2) (3) 4)

any employment paid employment wages hours

treatment 0.043* 0.036 3075.523 1.277
(0.023) (0.024) (2234.582)  (0.882)
masters 0.075 0.081* 3234.515**  5.717**
(0.044) (0.039) (1302.332)  (2.380)

treatment X masters -0.055 -0.051 -3379.101 0.185
(0.050) (0.051) (3987.918) (3.165)

Observations 1417 1417 1417 1417

Control Mean 0.63 0.61 10597.92 16.83

Notes: The table shows the heterogeneity in treatment effects by having completed undergraduate education at baseline
on any employment, any paid employment, wages and hours worked in a typical week at first follow-up (top panel)
and second follow-up (bottom panel). All regressions controls for the baseline value of the outcome variable. All
regressions include BYLC batch fixed effects and errors are clustered at the batch level. ***p < 0.01, **p < 0.05, *

p<0.1
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Table C.8: Heterogeneity in Planning, Effort, and Socio-Emotional Skills Outcomes

by Dhaka
Follow-up 1
ey 2 3) “ &)
planning  effort  intra-personal inter-personal ses
treatment 0.176** 0.045 0.099*** 0.080** 0.104***
(0.076)  (0.102) (0.031) (0.035) (0.030)
masters 0.240**  0.423** 0.071 0.093** 0.083*
(0.102)  (0.142) (0.053) (0.043) (0.047)
treatment X masters ~ -0.128 -0.227 -0.023 -0.051 -0.048
(0.115)  (0.143) (0.066) (0.068) (0.068)
Observations 1480 1483 1322 1322 1322
Control Mean 2.04 1.58 0.03 0.04 0.04
Follow-up 2
ey 2 3) “ &)
planning effort intra-personal  inter-personal ses
treatment 0.073 0.007 0.102* 0.082 0.100
(0.074) (0.061) (0.053) (0.064) (0.063)
masters 0.077 0.316%** 0.029 -0.030 -0.009
(0.107) (0.102) (0.072) (0.088) (0.081)
treatment X masters  -0.214 -0.208 -0.016 -0.002 -0.011
(0.126) (0.126) (0.088) (0.135) (0.114)
Observations 1416 1420 1393 1392 1393
Control Mean 2.09 2.01 -0.02 -0.04 -0.03

Notes: The table shows the heterogeneity in treatment effects by having completed undergraduate education at baseline
on planning, effort and soft skills indices - including intra-personal, inter-personal and the index of all soft skills (ses)
at first follow-up (top panel) and second follow-up (bottom panel). All regressions controls for the baseline value of
the outcome variable. All regressions include BYLC batch fixed effects and errors are clustered at the batch level.
#Ep < 0.01, **p < 0.05, * p < 0.1
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Figure C.2: Results by baseline quartiles at Follow-ups 1 and 2 for Soft Skills

Panel A
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Notes: The figure shows effects on intra-personal, inter-personal and the entire set of soft skill measures (ses) by
baseline quartiles - designated with ql, g2, q3, q4 for the 4 quartiles - of these measures. All outcome variables
are standardized. Panel A shows results for first follow-up and Panel B shows results for the second follow-up.
Coefficients on treatment effects are shown after regressing the outcome on treatment with robust standard errors for
the given baseline quartile.
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