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Abstract

We study how the quasi-random assignment of MBA students to different peer groups shapes

their homophily by gender and ethnicity. We show that students form substantially more cross-

trait friendships within small groups than in the broader MBA cohort. We then decompose

homophily into the contributions of peer-group composition, preferences, and directed search.

Directed search, in which students approach peers with particular characteristics, can substan-

tially amplify even weak preferences for same-trait friends. Survey evidence indicates only weak

same-trait preferences but strong same-trait bias in approach decisions. Consistent with this

pattern, structural estimates imply that directed search accounts for much of overall homophily.

This result helps explain why homophily is lower in small groups, where directed search is muted,

and suggests that homophily can be reduced through peer-group design.
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1 Introduction

Homophily—the tendency of people to form ties with others like themselves, particularly along

dimensions such as gender and ethnicity—is a fundamental feature of social networks.1 Because

social networks shape access to information, collaboration, and economic opportunities, homophily

has important economic consequences. By limiting interactions across groups, it restricts the flow of

information and opportunities, contributing to differences in beliefs and inequalities in employment,

income, and social mobility.2 Homophily can arise from two distinct sources: people may prefer

similar friends, and people may be more likely to meet others similar to them (Currarini et al.,

2009). Distinguishing between these sources is important because institutional design can affect

meeting opportunities. However, little is known about what determines whom people meet, and

therefore about how institutions can promote integration in social networks.

A potentially important determinant of meeting opportunities is individuals’ own search behav-

ior. In large social groups, people influence whom they meet through their choices about whom to

approach. This behavior, which we refer to as directed search, can amplify even modest preferences

for same-trait friends. When people base approach decisions on easily observable traits, such as

gender or ethnicity, small differences in tastes may translate into disproportionately many meetings

with same-trait peers. As a result, modest preferences for same-trait friendships may coexist with

substantial homophily. Because this homophily reflects search behavior rather than preferences

alone, it may be malleable to peer-group design. Specifically, in small groups, repeated interac-

tion naturally generates meetings among all group members, limiting the scope for directed search.

Small-group interactions may therefore reduce homophily, making peer-group design a potential

tool for promoting integration.

In this paper we ask whether small-group interactions reduce homophily by muting directed

search. We exploit the quasi-random assignment of MBA students at London Business School to

several overlapping peer groups. Students are assigned to streams of about 80 students, study

1Homophily was introduced in the classic contribution of Lazarsfeld and Merton (1954) and has been shown to be
important in a wide range of settings (McPherson et al., 2001; Jackson, 2009; Pin and Rogers, 2016).

2See Golub and Jackson (2012) for beliefs, Montgomery (1991), Calvó-Armengol and Jackson (2004) and Ioannides
and Loury (2004) for employment and income, Chetty et al. (2022) for social mobility, and Katz (2026) for missing
markets for opportunities.
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groups of 4–6 students within each stream, and classroom seating arrangements that generate

adjacency between students. Because the same students are exposed to large, small, and spatially

proximate peer environments, the setting allows us to compare how these different environments

shape friendship formation. The assignment algorithms balance demographic and background

characteristics, so exposure to particular peers is only quasi-random. Following Borusyak and Hull

(2023), we recover the random component of peer-group exposure from the assignment algorithms.

This allows us to estimate how joint participation in different peer environments causally affects

friendship formation between same-type and different-type students.

Using network surveys covering roughly 1,400 students in three MBA cohorts, we estimate

these causal effects. We find that the friendship networks generated by exposure to smaller, more

structured peer groups exhibit substantially lower homophily by gender and ethnicity. Homophily

is high among friendships generated by stream exposure and among friendships formed across

streams. It is much lower among friendships generated by study-group exposure and classroom

adjacency. For example, friendship formation is about 130% more likely among same-gender than

among different-gender pairs in the stream, but only about 50% more likely in the study group.

For ethnicity, the corresponding premia are about 200% in the stream and 40% in the study group.

Thus, interactions in smaller groups generate substantially lower homophily.

We next ask whether the lower homophily generated within study groups also reduces homophily

in students’ broader friendship networks. Students could, in principle, offset more diverse study-

group friendships by forming additional same-trait friendships elsewhere. We cannot estimate the

overall effect of study-group assignment because all students are assigned to a study group. We

can, however, test for such compensating behavior using quasi-random variation in the share of

same-trait peers within study groups. We find that students assigned to more mixed study groups

exhibit significantly lower overall homophily. Thus, the cross-trait friendships generated within

small groups are not fully offset by additional same-trait friendships elsewhere in the network.

We emphasize that our estimates do not identify the effect of group size in isolation. The

randomized variation comes from which peers students encounter within groups of a given size,

not from variation in group size itself. Moreover, the peer environments in our setting differ along
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several dimensions. Study groups and classroom adjacency are not only smaller than streams but

also generate more frequent, structured, and harder-to-avoid interactions. We therefore interpret

our estimates as identifying the effects of exposure to different peer environments, of which group

size is one important dimension but not the only one.

To understand why exposure to these smaller groups reduces homophily, we decompose ho-

mophily into three channels and use several approaches to understand their contributions. The

first channel is peer-group composition: students may encounter same-trait peers more frequently

because they are assigned to, or choose, environments with many similar peers. The second is pref-

erences: conditional on meeting, students may be more likely to form friendships with same-trait

peers. The third is directed search: within a peer environment, students may selectively approach

same-trait peers. Distinguishing between these channels is important because they imply different

approaches to promoting integration.

We next present reduced-form evidence on the three channels. First, we ask whether students

sort into peer environments with similar peers. We measure this channel using registrations for

activities outside the assigned stream: Student Association club events, Career Centre events, and

tailored courses. These activities are important venues for MBA social interaction. If peer-group

composition were an important source of homophily, same-gender or same-ethnicity pairs should

be more likely to choose the same activities. We find little evidence of such sorting. We then

turn to preferences and directed search. To measure them, we use a survey module in which

respondents evaluate hypothetical peer profiles that vary in gender, region, and extracurricular

activities.3 Respondents report both their willingness to approach the peer and their desire to form

a friendship. We find that students express only a slight premium in friendship preferences for same-

trait profiles, but a much larger premium in their decision to approach a same-trait profile. These

findings suggest that homophily reflects substantial directed search but only modest same-trait

preferences.4

To quantify the contributions of the three channels, we structurally estimate a model of network

3We use region rather than ethnicity for ethical reasons, but in our data region and ethnicity are highly correlated
and exhibit very similar homophily patterns.

4Ingram and Morris (2007) provide direct evidence on selective interaction using electronic name tags to track
face-to-face interactions at a business mixer.
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formation that incorporates peer-group composition, preferences, and directed search. Given the

institutional structure of study groups, we assume that all members of a study group meet one

another. This assumption allows differences in homophily between streams and study groups to

identify the contribution of directed search. Separately, the survey-based measures of friendship

preferences and approach decisions provide an independent source of identifying variation. Whether

we identify the model using variation in homophily between streams and study groups or using

survey moments on friendship preferences and approach decisions, the qualitative results are similar:

directed search consistently emerges as a major driver of homophily. In our preferred specification,

directed search accounts for 45% of homophily by gender and 80% of homophily by ethnicity within

streams. These findings indicate that the lower homophily observed in small groups arises primarily

because small-group interactions mute directed search.

A remaining question is whether the lower homophily observed in small groups reflects a tem-

porary reduction in the cost of maintaining different-trait friendships, rather than reduced directed

search. If this were the main force, different-trait friendships formed in study groups should fade

after study groups dissolve, causing the difference between stream and study-group homophily to

shrink among lasting friendships. Instead, both the reduction in homophily and the estimated con-

tribution of directed search remain similar when we restrict attention to lasting friendships. More-

over, this alternative model predicts substantially less directed search and substantially stronger

same-trait preferences than observed in our survey. These patterns favor the directed-search inter-

pretation over the view that small groups reduce homophily simply by creating temporary low-cost

connections.

The paper contributes to the literature on the sources of homophily. Existing work shows

that homophily can arise from both preferences and meeting opportunities (Currarini et al., 2009,

2010). It also shows that the structure of interaction opportunities shapes patterns of homophily

and integration (Kossinets and Watts, 2006; Boucher et al., 2020), and that homophily persists

as social networks evolve (Jackson et al., 2022). We contribute to this literature by decomposing

meeting opportunities into peer-group composition and directed search and showing that directed

search is a major source of homophily in our setting. We further show that small-group interactions
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reduce homophily, plausibly because they mute directed search. Together, these findings suggest

that institutions can foster more integrated social networks by organizing repeated interactions in

small, mixed peer groups.

We also contribute to research studying the effects of peer-group assignment on social networks.

Prior work shows that random peer-group assignment affects friendship formation, network position,

and cross-group relationships (Marmaros and Sacerdote, 2006; Boisjoly et al., 2006; Carrell et al.,

2013; Hasan and Bagde, 2015; Carrell et al., 2019; Lowe, 2021; Chetty et al., 2022; Corno et al.,

2022). Our contribution is to show that small-group interactions causally reduce homophily and

that they do so by muting directed search, highlighting a potential approach to creating more

integrated social networks.

The rest of the paper proceeds as follows. Section 2 describes the institutional setting, the data,

and the empirical design. Section 3 presents the causal effects of exposure on friendship formation

and homophily. Section 4 studies mechanisms and provides the quantitative decomposition.

2 Context, Data, and Design

2.1 Institutional Context

The MBA program at London Business School (LBS) is a two-year comprehensive degree program

targeted toward mid-career professionals. LBS assigns students to three main types of peer groups.

First, all incoming students are partitioned into five to six streams, comprising 75–86 students each.

Students take all twelve mandatory “core” courses within their stream, including all courses in their

first six months and a majority of courses in the next six months.5 The remaining courses in the

second six months of the first year, and all courses in the second year, are “electives” chosen by the

students.6 Second, LBS partitions the students in each stream into study groups of 4–6 students.

Study groups jointly work on group assignments and collaborative projects in four out of twelve

core courses. Students remain in the same study group throughout their core courses. Third, LBS

5In the first half of the first year, students attend nine core courses for a total of 51 sessions. In the second half,
they attend three core courses for a total of 25 sessions. Each session lasts 2.45 hours.

6Electives are generally across MBA cohorts and across degree programs.
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assigns students to seating charts for the lecture theaters where the core courses take place. The

seating charts are changed three times during the first year: the first seating chart is implemented

as soon as the students start their MBA program in August for 21 sessions, the second chart begins

in mid-September for 40 sessions, and finally, the third chart is implemented in January of the

following year for 25 sessions. We define adjacency in the seating charts as the third type of peer

group.

These three nested assignments generate three distinct margins of exposure that differ sharply

in group size and interaction intensity. Furthermore, the assignment of students to streams, study

groups, and seating charts is quasi-random to ensure that a given set of student characteristics is

evenly balanced across streams and study groups. These characteristics include gender, nationality,

prior industry, GMAT score, age, work experience, native English status, and other background

characteristics. The seating charts are designed to minimize instances of people of the same gender,

nationality, or study group being seated next to each other. Appendix A.2 details the exact process

of each algorithm.

Throughout their MBA journey, students also participate in events organized by the Student

Association and the LBS Career Centre.

2.2 Data Description

For this paper, we use data from the MBA 2025, MBA 2026, and MBA 2027 cohorts,7 with

an average class size of 467 students. We obtained data from multiple sources; the data were

merged based on students’ LBS-assigned email addresses by an independent research assistant

working for LBS. The data shared with us contain only anonymous student identifiers. Our main

datasets are as follows: administrative data provide predetermined characteristics, surveys provide

network outcomes and additional predetermined characteristics, and club/career data and elective

enrollment data provide observed non-core-classroom meeting opportunities.

Administrative data. Fixed and predetermined characteristics of each student are collected

7The cohort label corresponds to the graduation year. The MBA 2025 cohort began the program in August 2023
and graduated in July 2025; analogously, the MBA 2026 and MBA 2027 cohorts began in August 2024 and August
2025 and graduate in July 2026 and July 2027, respectively.
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directly from the LBS School Database (SchoolDB). These include basic demographic details, such

as gender, nationality, native English status, and age. Further, SchoolDB also stores detailed

information on students’ professional and academic backgrounds.

Surveys. For each cohort, the survey schedule includes four surveys during the MBA journey.

The first survey of a cohort takes place in August, right after the MBA orientation, which marks

the commencement of the program for the new cohort. The second survey is in December of the

first year, before the winter break. The third survey takes place at the end of the first year, in

June, before classes break for the summer. The fourth survey is administered in June at the end

of the second year. We have collected all four surveys for the MBA 2025 cohort, the first three

surveys for the MBA 2026 cohort, and the first two surveys for the MBA 2027 cohort.8

The surveys were conducted online: all students in the cohort received an email invitation and

a few reminders to complete the surveys. To maximize participation, we offered a £25 incentive for

an estimated 15-minute completion time. The average response rate across all surveys was nearly

87 percent, with an average median completion time of roughly 17 minutes.

The primary role of the surveys was to collect information on students’ networks within their

MBA cohort. We asked students to nominate others in their cohort with whom they have connec-

tions of different types:

• Career network (With whom do you most frequently discuss career matters? ),

• Social network (With whom do you socialise the most (eating out, concerts, theatre, etc.)? ),

• Personal help network (Who do you turn to talk about personal problems or when you feel

under pressure? ),

• Close friendship network (Who are your closest friends? ).

Respondents could choose up to 6 other students from their cohort for each connection type. To

choose a student, they had to start typing the name; after entering a few characters, the interface

offered matching names in a drop-down menu. Only students in the respondent’s cohort appeared

8Online Appendix C reports the survey questions.
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as options and could be selected. Our sample has an average of just under 4 nominations per

respondent per question and an average reciprocation rate of nearly 40 percent.9

The survey also collected information on students’ income before the MBA and their socioeco-

nomic background (SEB). To measure socioeconomic background, students were asked to imagine

a ladder representing where people stand within their MBA cohort, with the top of the ladder rep-

resenting the best off and the bottom representing the worst off in terms of money, education, and

jobs. They were then asked to indicate where they think they stand on the ladder relative to their

MBA cohort. While an individual’s socioeconomic background is a complex trait, the response to

this question provides insight into how students view themselves relative to their peers.

Clubs. The Student Association at LBS has numerous student-run clubs that provide students

with the opportunity and space to connect over mutual interests. These clubs organize events

throughout the year, which students can attend upon registering and paying the registration fee (if

any). Clubs are classified as either “social”, “sports”, “regional”, or “career”. We obtained from

the Student Association the list of clubs and the list of registered students for each club event.

Overall, we have data on 111 student-run clubs and 1,820 distinct events from May 2024 to May

2026; the data include approximately 40,619 registrations from students in MBA 2025, MBA 2026,

and MBA 2027, and nearly 99 percent of students registered for at least one event.

In addition to student-run clubs, the Career Centre at LBS hosts events to help students achieve

their career goals. We obtained the registration and attendance data from all these events from

the Career Centre. The Career Centre hosted 291 distinct events in the calendar year 2025, with

nearly 84 percent of the students attending at least one event.10

Core sample. The core sample consists of all students in SchoolDB, with a total of 1,400

individuals. A large part of our empirical analysis is done at the pair level. For this, we create

a dyadic dataset within each cohort, giving us a total of
∑

c nc(nc − 1)/2 = 328, 671 (unordered)

pairs for c = {2025, 2026, 2027}. For each survey s, we consider the subset of pairs (i, j) such

that both i and j have responded to survey s. All surveys are then pooled together to give us

9These nomination and reciprocation rates are in line with comparable name-generator network surveys, including
the Caltech study in Jackson et al. (2022), the Add Health friendship data studied by Currarini et al. (2009, 2010),
and the friendship networks analyzed by Ball and Newman (2012).

10Data from the Career Centre are collected at the end of each calendar year.
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∑
c,s ncs(ncs − 1)/2 = 680, 898 (unordered) pairs for all cohorts and surveys.

2.3 Summary Statistics

Table 1: Peer Group Characteristics

Number Size
Average Min Max

Cohort 3 466.7 411 514
Stream 17 82.4 75 86
Study group 249 5.6 4 6

Notes. Entries report the number of cohorts, streams, and study groups in the core sample, together with the mean,
minimum, and maximum number of students in each type of peer group.

Table 1 provides summary statistics on key peer groups in our data. Our core sample includes

three cohorts, 17 streams, and 249 study groups. All streams and all study groups are fairly similar

in size, with about 82 students per stream and about 5.6 students per study group.

Table 2 reports summary statistics for the students in our sample. Alongside overall means,

we report the minimum and maximum across the 17 streams. Students enter the MBA program

at about age 29 and are diverse in background: about 56% are male, about 40% are classified as

having native English status, and the cohort is ethnically diverse.11 Students have, on average,

just under 5.5 years of pre-MBA work experience, and over half previously worked in consulting or

finance. The small range across streams shows that streams are similar along these dimensions.

Table 3 reports summary statistics on the network. Throughout the paper, we focus on the

“OR” network, in which a pair of students (i, j) in survey s is connected if either i nominates j

or j nominates i in at least one of the network questions in s. When no confusion arises, we refer

to these connections simply as friendships. The table shows that the average student is connected

to about 10 other students. Roughly half of these ties are outside the student’s stream, while the

11There are two sources of information about a student’s ethnicity: the survey and SchoolDB. We ask students to
report their racial/ethnic affiliation in the first survey of each cohort, and SchoolDB collects this information at the
time of admission to the program. While both collect the same information, our surveys use a broader classification
structure than SchoolDB. For students who responded to the first survey (nearly 96 percent), we confirm that the
ethnicity reported in the survey matched closely with that in SchoolDB. For the remaining students, we align the
ethnicity stored in SchoolDB with our survey classification structure.
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Table 2: Student Characteristics

Average Min Max

A. Demographics
Age (years) 28.7 28.5 29
Male (%) 56.2 54.3 61.3
Native English status (%) 40.3 34.9 45.7
B. Ethnicity (%)

Black 3 1.2 6.2
East/SE Asian 17.7 13.6 21.3
Hispanic 12.9 8.6 17.6
Middle Eastern 7.7 4 13.1
South Asian 19.2 14.1 26.2
White 30.8 20 42
Others 8.6 1.2 25.9
C. Prior work experience

Years worked 5.5 5.3 5.7
Consulting (%) 33.1 27.2 37.2
Finance (%) 22.7 19 27.9

Notes. All reported demographics are averages, minimums, and maximums across the 17 streams in our sample.
Age and work experience are as reported at the beginning of the MBA program. Native English status is based on
whether a student reports English as their first language.

Table 3: Network Characteristics

Overall
Outside
Stream

Stream
not Group

Study
Group

Average number of links 10.1 5.1 4 1
Share same gender (%) 66.7 69.1 68.8 52.5
Share same ethnicity (%) 46.7 56.3 43.9 16.9

Notes. The first row reports the average number of links per student in different peer groups. The second and third
rows report the percentages of those links that are with a student of the same gender and of the same ethnicity,
respectively.
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other half are within the stream. Among the approximately five within-stream connections, about

four are outside the student’s study group and about one is within the study group. These patterns

already suggest an important role for peer exposure: streams and study groups account for only

about 18% and 1% of the cohort, respectively, yet they account for a much larger share of observed

friendships.

The table also reports the composition of friendships by gender and ethnicity. Among the

roughly 10 friendships of the average student, about 66% are with someone of the same gender

and about 46% are with someone of the same ethnicity. These shares are substantially above

the corresponding cohort shares—about 50% for gender and about 20% for ethnicity—indicating

substantial inbreeding homophily. Most notably, the share of same-trait friendships is highest

outside the stream, lower within the stream, and lowest in the study group. For example, the share

of same-gender friendships declines from 69% outside the stream to 52% within the study group.

Thus, even at the descriptive level, smaller peer groups appear to generate a disproportionate

number of cross-trait ties.

These descriptive patterns should not, however, be given a causal interpretation. Streams and

study groups differ not only in size and interaction intensity, but also in how students are assigned

to them. In principle, the assignment procedure could place students together who are especially

good matches along dimensions other than gender or ethnicity, thereby generating both higher

friendship rates and lower same-trait shares in smaller groups. To distinguish this explanation

from a causal effect of peer-group exposure itself, we develop an empirical strategy that isolates

the random component of the assignment process.

2.4 Empirical Strategy

Our objective is to estimate the effect of peer-group exposure—stream, study group, and seating

adjacency—on friendship formation. The challenge is that these exposures are not generated by

a purely random assignment. As discussed above, the program office deliberately balances de-

mographic and background characteristics when constructing streams, study groups, and seating

charts. Conditional on these balancing constraints, however, assignment is quasi-random. We ex-
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ploit this quasi-randomness by building on the recentered IV approach of Borusyak and Hull (2023),

adapted to the sequential structure of the LBS assignment process.

Let the sample consist of all unordered pairs of students (i, j) in cohort c observed in survey

wave s. Let Yijcs denote an indicator equal to one if students i and j are connected in wave s. We

consider three exposure measures. First, Sijc equals one if the pair is assigned to the same stream.

Second, Gijc equals one if the pair is assigned to the same study group. Third, Aijcs equals one if

the pair has ever been seated adjacently by survey wave s.12

Basic idea. Consider first the effect of being assigned to the same stream on friendship formation:

Yijcs = βS · Sijc + εijcs. (1)

The challenge with estimating equation (1) in OLS is that, because Sijc is not fully randomly

assigned, the identifying condition

E[Sijcεijcs] = 0

need not hold. To address this challenge, following Borusyak and Hull (2023), we isolate the sys-

tematic component of stream assignment as the conditional expectation of Sijc over the realizations

of the assignment process. We denote this object by

E[Sijc | wS ],

where the information set wS contains all the predetermined information used by the assignment

rule. We measure this object by drawing counterfactual stream assignments from the original

assignment algorithm, holding fixed the predetermined characteristics used by the algorithm, and

averaging the resulting realizations of Sijc. This conditional expectation captures the on-average

bias induced by the assignment process. The residual

S̃ijc := Sijc − E[Sijc | wS ]

12Since seating charts change over the first year, Aijcs is cumulative: seating chart 2 enters from survey 2 onward,
and seating chart 3 enters from survey 3 onward.
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therefore isolates the random component of stream exposure.

Under the key identifying condition that, conditional on wS , the random component of the

stream assignment is orthogonal to the error term, we can use S̃ijc as an instrument for Sijc in a

recentered IV (RCIV) approach. The corresponding first stage is

Sijc = γS̃ijc + ϑijcs.

Nested assignments. Our setting is richer than this basic example because we have three

assignments—stream, study group, and adjacency—and they are nested in the sense that each

layer is constructed conditional on the previous one. In particular, study groups are assigned

within realized streams, while seating charts are assigned after both streams and study groups are

realized. In this setting, we wish to estimate

Yijcs = βS · Sijc + βG ·Gijc + βA ·Aijcs + εijcs. (2)

In adopting the Borusyak–Hull approach to this setting, the key issue is how to construct the

correction terms for the study-group and adjacency layers. The right approach is to construct these

corrections conditional on the realized allocations of the previous layers of assignment. Formally,

let wX denote the information set relevant for assignment X = S,G,A. The nested assignment

structure implies that the realized stream assignment is part of wG and wA, while the realized

study-group assignment is part of wA. We then construct, for each layer X = S,G,A, the mean

exposure

E[Xijc | wX ]

and the corresponding recentered exposure

X̃ijc := Xijc − E[Xijc | wX ].

Hence, study-group exposure is adjusted using its mean conditional on the realized stream

assignment and the predetermined characteristics relevant for the study-group algorithm; similarly,
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adjacency exposure is adjusted using its mean conditional on the realized stream and study-group

assignments and the predetermined characteristics relevant for the seating algorithm. The intuition

is that each downstream layer of assignment is constructed conditional on the previous layer(s), so

those earlier realized allocations are part of the information that must be partialed out in order to

isolate the random innovation in the downstream exposure.

Formally, let gX denote the randomization shock used by the algorithm that determines expo-

sure X ∈ {S,G,A}. For this baseline specification, the identifying condition is

E[εijcs | gX , wX ] = E[εijcs | wX ], X ∈ {S,G,A}. (IC)

This condition states that, once we condition on the information relevant for the assignment of

exposure X, the remaining assignment variation is mean independent of the structural error. Ap-

pendix A.1.1 shows that, together with the assignment-mechanism property used to construct the

recentered exposure, condition (IC) implies the orthogonality conditions required for RCIV iden-

tification using the instruments X̃ijc.

Appendix A.1.2 also clarifies why conditional counterfactual corrections are needed for down-

stream exposures. If one were instead to correct study-group or adjacency exposure using coun-

terfactuals that ignore the realized upstream assignments, the resulting recentered variables would

generally retain systematic variation correlated with those upstream exposures, and this residual

component can violate the required orthogonality conditions.

Heterogeneous effects. Our main interest is not only the causal effect of exposure, but also how

these effects vary with traits such as gender and ethnicity. Let Tij be an indicator equal to one if

pair (i, j) shares a given trait, such as gender or ethnicity. We are then interested in the model

Yijcs = βS ·Sijc+βG ·Gijc+βA ·Aijcs+ρ ·Tij +ωS ·TijSijc+ωG ·TijGijc+ωA ·TijAijcs+ εijcs. (3)

For this specification, the instruments are

(S̃ijc, G̃ijc, Ãijcs) and (TijS̃ijc, TijG̃ijc, TijÃijcs).
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If Tij is measurable with respect to wX , then conditioning on Tij adds no information beyond

conditioning on wX , and condition (IC) is sufficient for identification. Otherwise, Appendix A.1.1

shows that for identification we need to use the strengthened condition

E[εijcs | gX , wX , Tij ] = E[εijcs | wX , Tij ], X ∈ {S,G,A}. (IC-T)

The possibility of heterogeneous effects also points to a potential source of misspecification: the er-

ror term may contain heterogeneous effects with respect to characteristics that are either unobserved

or not included in the regression. As is well known from Heckman and Vytlacil (1998), instrumen-

tal variables need not recover a common treatment effect in the presence of such omitted slope

heterogeneity. In our setting, Appendix A.1.3 characterizes the corresponding RCIV estimand.13

In the simple case with a single exposure treatment, it takes the form of a variance-weighted av-

erage treatment effect; in the case with multiple exposure treatments, each coefficient is in general

a linear combination of heterogeneous exposure treatment effects because omitted-interaction bias

propagates across exposures through the covariance structure of the recentered exposure variables.

In practice, this concern appears limited in our data. When we estimate specification (3)

using same-gender and same-ethnicity as trait variables, either separately or jointly in the same

regression, we draw very similar quantitative conclusions across specifications.14 This suggests that

omitted-interaction bias from the other observed trait is small in our setting.

Implementation and balance tests. We compute the correction terms for each level of exposure by

drawing 200 counterfactual realizations for the assignment corresponding to that level of exposure

and taking their mean; we discuss the details of how we conduct counterfactuals in Appendix A.2.

In all regressions, we cluster standard errors at the pair level.15

We validate our empirical strategy with balance tests. For each pair, we consider five exposure

measures: being in the same stream; being in the same study group; and being adjacent in each

of the three seating charts assigned to the cohort, denoted by Adjacent in A1, Adjacent in A2,

13This derivation is closely related to Heckman and Vytlacil (1998) and to Appendix C.1 of Borusyak and Hull
(2023). We discuss this formally in Appendix A.1.3.

14See Table A3 and Figure A1 in Appendix A.5.
15We experimented with study-group-level clustering, where a cluster is the set of pairs belonging to the same

study group, and with dyadic-robust clustering; neither materially affected the results.
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and Adjacent in A3. The outcome variables are measures of similarity in the characteristics used

to stratify the relevant allocation. For stream and study-group assignment, these are gender,

nationality, industry, native English status, age, GMAT score, and work experience. For seating-

chart adjacency, they are gender, nationality, and study-group membership. In Appendix Table

A1, we report OLS estimates in the top panel and RCIV estimates in the bottom panel, both with

cohort controls.

The OLS results confirm that exposure is not randomly assigned: roughly half of the coefficients

are statistically significant at conventional levels. By contrast, after applying the RCIV correction,

only one coefficient remains significant at the 10 percent level. These results support the interpre-

tation that the recentered exposures isolate the quasi-random component of assignment and can

therefore be used to identify the causal effect of peer-group exposure on friendship formation and

friendship composition.

3 Effect of Exposure on Friendship Formation and Composition

3.1 Exposure and Friendship Formation

We estimate the effect of exposure on friendship by estimating equation (2) using RCIV in the core

sample, pooling all cohorts and survey waves. We measure exposure at three levels: whether a pair

of students belongs to the same stream, to the same study group, or is seated adjacently. Because

seating charts change over the course of the first year, the adjacency indicator equals one if the two

students had ever been seated adjacently by the relevant survey wave.16

Column 1 of Table 4 reports the results. The “control mean,” that is, the average friendship

rate among pairs in different streams, is about 1.6 percent. The regression coefficients capture the

incremental effects of being in the same stream, being in the same study group, and being seated

adjacently. All three effects are precisely estimated and economically large.17 Given the quasi-

random assignment and our use of the RCIV specification, these estimates imply that exposure

16This means that seating chart 2 is added from the second survey onward, and seating chart 3 from the third
survey onward.

17We do not include individual fixed effects in this specification, but Appendix Table A2 shows that the results are
robust to doing so.
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Table 4: Probability of Friendship

Link

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

Stream 0.044∗∗∗ 0.026∗∗∗ 0.034∗∗∗ 0.012∗∗∗

(0.0010) (0.001) (0.0009) (0.001)
Study group 0.220∗∗∗ 0.192∗∗∗ 0.218∗∗∗ 0.184∗∗∗

(0.007) (0.008) (0.007) (0.012)
Adjacent 0.046∗∗∗ 0.047∗∗∗ 0.046∗∗∗ 0.046∗∗∗

(0.005) (0.005) (0.005) (0.007)
Stream × Trait 0.036∗∗∗ 0.051∗∗∗ 0.178∗∗∗

(0.002) (0.003) (0.009)
Study group × Trait 0.070∗∗∗ 0.023 0.313∗∗∗

(0.014) (0.021) (0.089)
Adj × Trait 0.0001 0.003 0.005

(0.013) (0.014) (0.049)
Trait 0.011∗∗∗ 0.035∗∗∗ 0.115∗∗∗

(0.0004) (0.0008) (0.002)

Trait None Gender Ethnicity Similarity
Control Mean 0.016 0.01 0.009
Observations 680,898 680,898 680,898 680,898
Cluster Pair Pair Pair Pair

Notes. RCIV estimates of exposure on friendship and friendship composition. Each specification includes survey ×
cohort fixed effects. Standard errors clustered at the pair level are reported in parentheses. Baseline probability is
defined for each specification as follows: (1) probability of friendship outside the stream, (2) probability of friendship
for a different-gender pair outside the stream, (3) probability of friendship for a different-ethnicity pair outside the
stream. Because similarity is continuous, we do not define a baseline probability for specification (4). ∗p < 0.1;∗∗ p <
0.05;∗∗∗ p < 0.01.
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causally increases the probability of a connection, consistent with earlier causal evidence from

Marmaros and Sacerdote (2006) and Hasan and Bagde (2015).

Figure 1: Exposure Premium Relative to the Friendship Rate for Pairs in Different Streams

Notes. Percentage change in the likelihood of forming a friendship based on exposure in the peer group, with 95%
confidence intervals. The baseline probability is the mean friendship rate between pairs in different streams. Exposure
boosts are calculated using specification (1) from Table 4.

Figure 1 translates these coefficients into exposure premia, defined as the proportional increase

in friendship probability relative to the baseline rate for pairs of students who are in different

streams. Sharing a stream nearly triples the probability of friendship. Adjacency raises it by more

than a factor of 5, and being assigned to the same study group raises it by a factor of almost 17.

These are large causal effects.18

18Adjacent and study-group pairs are also same-stream pairs, so the premia for these smaller peer environments
are cumulative: they combine the stream effect with the additional effect of adjacency or study-group assignment.
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3.2 Exposure and Friendship Composition: Gender and Ethnicity

We next ask whether exposure changes which friendships form. To do so, we estimate our interaction

regression (3), allowing the effect of exposure to differ depending on whether the two students

share a given trait. Interpreting these regression coefficients is complicated by the fact that both

the different-trait friendship rate and the same-trait friendship rate change with different levels

of exposure. To help with the interpretation, we introduce the notion of the homophily premium,

which is the proportional increase in friendship probability for same-trait versus different-trait

pairs for a given level of exposure. Formally, for a trait T and exposure category X, let pTX(same)

and pTX(diff) denote the regression-predicted probability of friendship for a same-trait pair and a

different-trait pair, respectively. The homophily premium is

HPremiumT
X :=

pTX(same)− pTX(diff)

pTX(diff)
.

A value of zero corresponds to no homophily.

Consider now column 2 of Table 4, which focuses on gender. The uninteracted trait coefficient

is positive and highly significant, implying that among pairs in different streams, same-gender

friendships form at a substantially higher rate than different-gender friendships. In fact, across

streams, the friendship rate for same-gender pairs is more than twice that for different-gender

pairs, implying a cross-stream homophily premium of about 102%. This is plotted as the first bar

in Panel A of Figure 2.

How does gender homophily change for different levels of exposure? We answer this question

by computing the homophily premium for each level of exposure using the probabilities predicted

by column 2 of Table 4. The second bar in Panel A of Figure 2 shows that within streams—but

outside study groups and adjacency—the homophily premium is, if anything, slightly higher. By

contrast, for adjacent pairs and for pairs in the same study group, the premium is only about 50%,

significantly lower than across streams and within streams only. That is, the ties formed in these

smaller peer groups are much less gender-homophilous than those formed in the larger groups.

The pattern is even sharper for ethnicity, which is defined using the categories in Panel B of
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Figure 2: Homophily Premium

Notes. Panels A and B report the homophily premium by peer group for gender and ethnicity, respectively, with
95% confidence intervals. For each trait and exposure category, the premium is defined as the percentage increase in
the probability of friendship for same-trait pairs relative to different-trait pairs. The baseline probabilities (reported
under each bar) are the predicted probabilities of friendship between individuals of different genders or ethnicities
within each peer group. The underlying probabilities are computed from specifications (2) and (3) of Table 4.

Table 2. In column 3 of Table 4, the Trait variable equals one when the pair has the same ethnicity.

The uninteracted Trait coefficient implies very high homophily across streams: Panel B of Figure

2 shows a premium above 400%. Within streams—but outside study groups and adjacency—this

declines to about 200%; among adjacent students, to about 100%; and among students in the same

study group, to about 40%.19

Taken together, these results show that the composition of the network changes sharply with

the nature of exposure. Homophily is high outside and within streams, but falls substantially for

adjacent and study-group pairs. Small groups do not simply create more friendships; they create

19We also estimate equation (3) including both same-gender and same-ethnicity simultaneously. As Table A3 and
Figure A1 show, the interaction coefficients and homophily premia are very similar to those reported here.
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disproportionately more cross-gender and cross-ethnicity friendships.

3.3 Exposure and Friendship Composition: Similarity Index

Gender and ethnicity are natural focal traits, but they need not be the only dimensions generating

homophily in friendship. To capture a broader notion of similarity, we construct a similarity index

in four steps. First, we use all baseline characteristics available in the data: gender, ethnicity,

geographic region, industry, age, years of work experience, GMAT, self-reported income, and so-

cioeconomic background. Second, for each characteristic we define pairwise similarity. For discrete

variables—gender, ethnicity, region, and industry—a pair is similar if both students have the same

value. For continuous variables—GMAT, income, age, and work experience—a pair is similar if

both students lie on the same side of the cohort median. Third, we regress friendship in the core

sample on these pair-level similarities and on all pairwise interactions among them, and use a Lasso

procedure to select the relevant predictors (see Table A4 in Appendix A.6).20 Finally, we regress

friendship on the selected subset and use the fitted values as our similarity index. Appendix A.6

reports the details of the construction.

Column 4 of Table 4 and Figure 3 repeat the homophily-premium exercise using this broader

similarity index. The qualitative pattern is unchanged. Similarity-based homophily is high outside

small groups, remains high within streams, falls sharply for adjacent pairs and, especially, for pairs

in the same study group. Thus the reduction in homophily within small groups is not confined to

gender and ethnicity alone; it also appears under a broader measure of baseline similarity.

3.4 Inbreeding Homophily

The homophily premium is a convenient way to summarize the regression estimates, but it is not

the standard measure used in the homophily literature. We therefore report the traditional index

of inbreeding homophily, introduced by Coleman (1958) and used in recent economics work by

Currarini et al. (2009). The index compares the realized share of same-trait links with the share

20The Lasso selects gender, ethnicity, and region, together with the interactions of gender with ethnicity and region,
the interactions of region with industry, age, work experience, and income, and the interactions of ethnicity with
GMAT score and income, as the main predictors of assortative friendship.
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Figure 3: Similarity Premium

Notes. The figure reports the homophily premium, with 95% confidence intervals, by peer group for similarity. For
each trait and exposure category, the premium is defined as the percentage increase in the probability of friendship
associated with a one-standard-deviation increase in similarity. The baseline probabilities (reported under each bar)
are the predicted friendship probabilities at the mean similarity level in each peer group. The marginal increase in
probabilities is computed from specification (4) of Table 4.

that would arise under random matching, and normalizes this difference by the maximum scope

for additional same-trait links.

Definitions. To fix ideas, consider a binary trait such as gender, so student i has type ti ∈

{F,M}. Consider the connections among a set L of pairs of students. For example, if we consider

homophily in the network of students in the same stream but outside the same study group, then

L is the set of pairs of students who belong to the same stream but to different study groups.

The number of links in L between students of type t and t′ is Ktt′ =
∑

ij∈L Yij1{ti = t, tj = t′}.
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Same-gender homophily is then the share of same-gender links

Hsg =
KFF +KMM

KFF +KMM +KFM +KMF
.

Under random matching, the composition of same-gender friendships would coincide with the share

of same-gender pairs in the relevant peer group among all potential pairs; let this benchmark be

denoted by Rsg.
21 The corresponding inbreeding-homophily index is

IHsg =
Hsg −Rsg

1−Rsg
. (4)

In the binary case, this aggregate index can be written as a weighted average of female and male

inbreeding homophily, with weights proportional to the total number of links that females and

males have.

These measures are descriptive, because they do not account for the fact that assignment to

streams and study groups is not fully random. As a result, differences in homophily across peer

groups could in principle reflect systematic differences in group composition rather than differences

in the nature of exposure itself. To address this concern, we also compute inbreeding homophily

implied by the causal estimates in Table 4. Recall that pTX(same) and pTX(diff) are the predicted

probabilities that a same-trait pair and a different-trait pair are connected under a given exposure

treatment X, respectively.22 Multiplying these predicted probabilities by the number of potential

pairs of each type yields predicted link counts. We then compute predicted inbreeding homophily

by replacing the raw link counts in the formulas above with these predicted counts.

Results. Table 5 reports the raw and regression-implied measures of inbreeding homophily.23

The raw and predicted levels are not identical, but the broad patterns are very similar.24 For

21Formally, Rsg =
∑

t∈{M,F}
∑

ij∈L 1{ti = tj = t}/
∑

tt′∈{M,F}2
∑

ij∈L 1{ti = t, tj = t′}.
22For example, the predicted probability that a same-gender pair who share a stream, but are neither in the same

study group nor adjacent, forms a link is obtained by summing the constant, stream, trait, and stream × trait
coefficients in column 2 of Table 4.

23We do not include adjacency in this table, because its definition is changing over time as new seating charts are
introduced, complicating the analysis.

24Confidence intervals (not reported) show that the raw and predicted measures are sometimes significantly differ-
ent, but the economic magnitude of the differences is small.
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Table 5: Inbreeding Homophily from Raw Data and Regression Estimates

Inbreeding Homophily

Overall Outside Stream Stream not group Study group

Raw Pred Raw Pred Raw Pred Raw Pred

Gender 0.31 0.32 0.34 0.34 0.35 0.37 0.16 0.20
Ethnicity 0.32 0.33 0.44 0.44 0.26 0.28 0.04 0.06

Notes. “Raw” reports inbreeding homophily computed directly from the observed network using expression (4), with
the analogous multi-category version for ethnicity. “Pred” reports predicted inbreeding homophily implied by the
regression estimates of columns (2) and (3) in Table 4 for gender and ethnicity homophily, respectively. Study-group
ethnicity homophily is restricted to study groups with at least one same-ethnicity respondent pair.

gender, inbreeding homophily is high outside the study group, remains high within the stream

but outside the study group, and falls sharply within study groups; Appendix Table A6 shows

that the same qualitative pattern holds separately for males and females. For ethnicity, inbreeding

homophily is highest outside the stream, lower within the stream, and lowest in the study group.

These patterns closely mirror those obtained from the homophily-premium analysis.

An advantage of the inbreeding-homophily index is that its magnitude is directly interpretable.

For gender, the study-group value is low but still clearly positive, indicating that gender homophily

persists even in small-group environments. By contrast, ethnicity inbreeding homophily in the study

group is close to zero, suggesting that small groups largely eliminate ethnicity-based homophily.

One concern is that the near-absence of study-group ethnicity homophily could arise mechani-

cally because some study groups contain no same-ethnicity peers. Note that this concern does not

apply for the homophily premium results of Figure 2 because they report friendship probabilities

conditional on same-ethnicity pairs. To limit its influence on the inbreeding homophily measure,

when computing both raw and predicted ethnicity homophily we restricted the study-group anal-

ysis to groups that contain at least one pair of same-ethnicity students who both responded to the

survey. This leaves 211 of the 249 study groups in the sample. The near-absence of study-group

ethnicity homophily is therefore not driven simply by a lack of potential same-ethnicity ties.
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3.5 Overall Homophily

Our design identifies the effect of small-group exposure on homophily within those groups. To

ask whether this local effect carries over to students’ broader networks, we exploit quasi-random

variation in the composition of study groups. In particular, it is possible that students compensate

for the lower share of same-trait friendships within the study group by forming more same-trait

friendships elsewhere. A strong compensation effect of this sort would imply that our estimates do

not reflect the impact of small-group exposure on overall homophily.

The cleanest design would be to compare students who do versus do not participate in study

groups. Because study groups are mandatory, this design is not feasible in our context. However,

variation in the composition of study groups allows us to explore whether, holding study-group size

fixed, being assigned more same-trait peers in the study group affects a student’s overall homophily.

Let OTG
i denote the number of other students in i’s study group who share i’s trait, and let

SizeGi denote the size of i’s study group. We then estimate

IHX
ics = const + γ1 ·OTG

i + γ2 · SizeGi + εics. (5)

Here the dependent variable measures student i’s inbreeding homophily in peer group X, calculated

using equation (4) but using the number of other students of the same and different traits to create

an individual-level homophily measure. The coefficient of interest γ1 measures the extent to which

student i’s homophily, measured in different layers of peer groups, responds to the number of

same-trait peers in i’s study group. Because study group sizes differ, we control for the number

of students in the group. Since the right-hand-side variables are only quasi-random, we use our

study-group-level recentering approach and estimate (5) using RCIV.25

Table 6 reports the results. Columns 1–4 focus on gender. Column 1 shows that increasing the

number of same-gender peers in the study group by one raises a student’s inbreeding homophily

within the study group by about 8 percentage points, although the estimate is not statistically

significant. We expected this effect to be positive: given our finding that homophily in study

25Specifically, we use the conditional study-group counterfactuals to compute E[OTG
i | wG] and E[SizeGi | wG], and

form the residuals ÕT
G

i = OTG
i − E[OTG

i | wG] and S̃ize
G

i = SizeGi − E[SizeGi | wG], which are our instruments.
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Table 6: Effect of Study Group Composition on Homophily

Inbreeding Homophily

Gender Ethnicity

Study
Group

Stream
not group

Outside
Stream

Overall
Study
Group

Stream
not group

Outside
Stream

Overall

(1) (2) (3) (4) (5) (6) (7) (8)

No. same-trait peers
in study group

0.079 0.002 0.007 0.044∗ 0.068 0.019 -0.008 0.030∗

(0.051) (0.035) (0.033) (0.024) (0.088) (0.023) (0.023) (0.017)
Study-group size 0.020 0.002 0.004 -0.014 -0.013 -0.019 0.005 -0.018

(0.048) (0.032) (0.029) (0.022) (0.052) (0.021) (0.022) (0.018)

Observations 1,978 3,306 3,361 3,486 905 3,288 3,361 3,486
Cluster Student Student Student Student Student Student Student Student

Notes. Each specification uses RCIV and regresses individual inbreeding homophily, calculated using (4), on the
number of peers in the student’s study group who share the student’s trait and the number of people in the student’s
study group. Each specification includes survey × cohort fixed effects. Standard errors, clustered at the individual
level, are reported in parentheses. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

groups is low, changes in the composition of peers should map into changes in the composition of

friends. However, the estimate is imprecise.

Columns 2 and 3 show little evidence of compensation outside the study group. The estimated

effects on homophily within the stream but outside the study group, and outside the stream al-

together, are an order of magnitude smaller than the study-group effect. Column 4 shows that

one additional same-gender peer in the study group increases overall homophily by 4.4 percentage

points. Thus, changes in study-group composition affect overall homophily, suggesting that any

compensatory response outside the study group is not large enough to undo the direct effect of the

study group.

Columns 5–8 show similar patterns for ethnicity. In particular, we again find a positive and

statistically significant effect on overall homophily. Finally, the size of the study group has no

detectable effect on either gender or ethnicity inbreeding homophily, within the study group or

outside it. Study groups range from 4–6 students, and our estimates suggest that variation in

group size within this range does not meaningfully affect the process of friendship formation.
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In summary, although the within-study-group estimates are imprecise, the evidence is consistent

with indirect compensatory effects being relatively weak, suggesting that the “local” homophily-

reducing effects of small-group exposure do translate into changes in overall homophily.

3.6 Discussion of Identification, Interpretation, and Robustness

We next discuss three robustness checks and interpretive issues: lasting friendships, less detectable

traits, and alternative network definitions.

Lasting friendships. A possible interpretation of our results is that the small-group effects reflect

temporary friendships. Since peers in the study group are easily accessible, students may befriend

different-trait peers whom they otherwise would not. This logic could explain lower homophily in

the study groups, while suggesting that those friendships are less important and will likely fade

after study groups are dissolved. This interpretation also suggests that our results should weaken

or disappear for friendships that last beyond the dissolution of the study groups at the end of the

first year. To explore this, we exploit the panel structure of the data and zoom in on lasting ties.

We define a lasting connection for a pair {i, j}, Yijc = 1, as a friendship present in survey 2 and

remaining through the last observed survey.26 We then re-estimate the same empirical strategy

using this outcome and compute predicted inbreeding homophily across peer groups. The results

are in Table 7.27

Table 7: Inbreeding Homophily of Lasting Friendships

Inbreeding Homophily

Overall Outside Stream Stream not group Study group

Raw Pred Raw Pred Raw Pred Raw Pred

Gender 0.43 0.44 0.4 0.39 0.54 0.55 0.2 0.27
Ethnicity 0.39 0.39 0.56 0.55 0.31 0.32 0.02 0.08

Notes. “Raw” reports inbreeding homophily of lasting connections computed directly from the observed network
using expression (4), with the analogous multi-category version for ethnicity. “Pred” reports inbreeding homophily
implied by columns (1) and (4) of Appendix Table A7 for gender and ethnicity homophily, respectively.

26Formally, for cohort c with last observed survey Sc, Yijc =
∏Sc

s=2 Yijcs. We do not start with survey 1 to make
sure enough meaningful interactions have taken place, but the results are robust for starting with survey 1.

27Table A7 in Appendix A.8 reports the regression estimates for lasting connections.
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Although the levels of homophily are generally higher, the qualitative patterns are very similar

to our benchmark results in Section 3.4. For gender, the inbreeding homophily of lasting friend-

ships is substantially lower in study groups than outside them. For ethnicity, homophily declines

monotonically as we move to smaller peer groups and becomes almost zero for study groups. In

summary, our main findings do not appear to be driven by temporary friendships and also hold for

lasting ones.

Detectable and less detectable traits. Gender and ethnicity are highly visible traits, so visibility

may partly explain why they generate strong homophily. To explore this, we re-estimate speci-

fication (3) for a broader set of characteristics: region, pre-MBA industry, age, work experience,

income, socioeconomic background, and the Big Five personality traits. Appendix A.9 describes

the construction of these variables and reports the full results in Table A9. Region is strongly

correlated with ethnicity, and the estimates for region exhibit a pattern similar to those for ethnic-

ity. For the remaining—less directly observable—traits, the baseline trait coefficients show some

evidence of homophily, but the magnitudes are much smaller than those of gender, ethnicity, and

region. This pattern is in line with related evidence such as Jackson et al. (2022), and consistent

with the interpretation we develop below that much of homophily is driven by search that operates

along salient traits.

Career, social, personal-help, and close-friendship networks. As described in Section 2.2, we

collected data on four types of connections: career ties, social ties, personal-help ties, and close

friendships. To examine whether our results differ across these networks, we re-estimate our main

specifications for gender and ethnicity separately for each network type. The results are reported

in Appendix Table A10, and Appendix Table A12 reports the corresponding homophily premia.

Homophily is positive in all four networks. For ethnicity, the pattern closely mirrors the main

results: homophily is much lower among adjacent and study-group pairs than outside these smaller

peer groups. For gender, the same qualitative pattern is present, although the decline in study

groups is less pronounced in close friendships.

Reciprocated connections. Our main analysis uses the OR network, which includes all links

claimed by at least one of the two students. To examine whether this choice matters, we repeat
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the analysis using the AND network. That is, a link for a pair (i, j) in survey s is included only if i

nominates j and j nominates i in at least one question in survey s. Appendix Table A11 reports the

estimates, and Appendix Table A12 reports the corresponding homophily premia. Reciprocated

links are rarer, so the estimated exposure effects are smaller in levels. The homophily-premium

pattern is broadly consistent with the main results for ethnicity. For gender, the study-group

premium is lower than the stream-only premium, but the decline is less pronounced than in the

OR network.

4 Mechanisms and Decomposition

Why does small-group exposure reduce homophily? To explore this, consider the mechanisms that

drive homophily. Currarini et al. (2009) distinguish between two drivers: choice and chance, that

is, preferences for same-trait peers and a meeting process biased toward same-trait peers.28 We

find it useful to further decompose biases in the meeting process into those arising from peer-group

composition and those arising from directed search. The former refers to biases in how students

sort, or are sorted, into peer groups. It includes institutional assignments such as the LBS study

groups, as well as students’ choices of which courses, clubs, or events to attend. These groupings are

determined partly by institutional factors exogenous to the student, partly by students’ preferences

over activities (e.g., the “wine club”), and partly by preferences over the type of people they meet in

different groups. In contrast, biases driven by directed search refer to students’ choices of whom to

seek out in these settings in order to establish a friendship. These choices are plausibly shaped by

which individuals, or which already interacting sets of peers, students find familiar or compatible.

A key implication of directed search is that—for the traits of gender and ethnicity—it can turn

a small preference bias into a large meeting bias for same-trait peers. This follows because of

two properties. The decision of whom to approach is discrete, and traits other than gender and

ethnicity are poorly observable before that decision is made. The latter implies that gender and

ethnicity play an important role in determining whom to approach, while the former implies that

even a small preference bias for same-gender or same-ethnicity friendships can have a large effect

28See also Bramoullé et al. (2012) for a similar mechanism in a population with multiple types.
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on friendship composition. For example, a male student with a slight preference for male friends

may, because of the slightly higher expected value associated with such matches, systematically

choose to approach male peers in his stream when seeking a new friendship, thereby generating a

large meeting bias and, consequently, a disproportionate representation of male friends.

In summary, we consider three mechanisms driving homophily: peer-group composition, pref-

erences, and directed search. We first discuss reduced-form evidence that sheds light on the impor-

tance of these mechanisms, then develop a formal network accounting framework that disciplines

the role of each in the decomposition, and then structurally estimate this model to quantify their

contributions to overall homophily.

4.1 Reduced-Form Evidence on Mechanisms

Peer-group composition. Besides the LBS-assigned peer groups that were the focus of our analysis

so far, students participate in many other peer groups. We have data on three major types of

such groups: events organized by the Student Association, events hosted by the Career Centre,

and tailored courses. These groups are important forums for interaction. Recall that the Student

Association runs 1,820 distinct events from May 2024 to May 2026, with nearly 99% of students

registering for at least one club event; the Career Centre data cover 291 events in the calendar

year 2025, with nearly 84% of students attending at least one event. Students sort themselves into

these events. They similarly sort themselves into tailored courses, which are taken in the second

half of the first year. While tailored courses are conducted within a cohort, they do not have

predetermined streams and do not respect the stream or study-group structure.29

To assess bias in peer-group composition in these events, we exploit registration data for club

events, attendance data for career events, and enrollment data for tailored courses. For each type

of peer group, we define a measure of co-registration: a pair (i, j) is defined as co-registered if both

students register for the same club event, attend the same Career Centre event, or enroll in the

same tailored course, respectively. We then compute inbreeding homophily for co-registration as in

29In the second year of the MBA program students choose elective courses; these are open to students from different
degree programs and cohorts. Since we focus on connections across MBA students in the same cohort, we have not
explored electives.
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Section 3.4.

Table 8: Co-Registration Inbreeding Homophily in Clubs, Events, and Courses

Student Association Club Events
Career Centre

Events
Tailored
Courses

All Regional Social Career Sports Attendance Tailored

Gender 0.004 0.001 0.0 0.091 0.287 0.008 0.008
Ethnicity 0.002 0.067 -0.002 0.002 0.128 -0.007 0.006

Notes. Inbreeding homophily is calculated as in Section 3.4 from co-registration. Data for Student Association events
cover May 2024–May 2026; data for Career Centre events cover the calendar year 2025; data for tailored courses cover
the MBA 2025 and MBA 2026 cohorts.

Table 8 reports the results. Co-registration in Student Association events, Career Centre events,

and tailored courses exhibits very low homophily, suggesting little sorting into these peer groups

along these dimensions.30 Thus, biases in the composition of these peer groups are unlikely to be

an important driver of overall homophily. In principle, there could be more sorting in other peer

groups that we do not observe. However, the fact that co-registration homophily is consistently low

across the three different types of peer groups we do observe suggests that sorting is also limited

in unobserved groups. We conclude that peer-group composition bias is unlikely to be the main

driver of homophily in our setting.

Directed search and preference for similarity. To explore directed search and same-trait prefer-

ences, we added a section to Survey 2 for the MBA 2027 cohort to elicit both.31 In this section,

every student is presented with two hypothetical scenarios. Each scenario involves two hypothetical

student profiles, each with three randomly assigned characteristics: gender (male or female), region

(East Asian, European, Middle Eastern, North American, South American, or South Asian), and

activity (music or traveling, sports or foodie). We chose region rather than ethnicity because they

are correlated and we thought students would be more comfortable expressing their preferences

over region.32 In each scenario, all three characteristics of the two profiles differ.

In each scenario, we asked respondents a series of questions to infer their search behavior and

30The only exception is the events organized by sports clubs, a large share of which are gender-segregated.
31The complete survey is in Appendix C.
32Indeed, re-estimating Table 4 using region, rather than ethnicity, gives qualitatively similar results (Table A9).
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their preferences. To infer their search behavior, we told respondents that the two profiles were

two hypothetical students in their stream, that they had a few minutes before class started to have

a chat with one of them, and asked them to choose the profile they would approach. To infer

preferences, we randomly chose one of the two profiles offered in the directed search question and

asked the respondent to picture a scenario in which, in recent months, they had had a chance to

interact occasionally with that person. We then asked the respondent to report the likelihood that

they would want to become friends with that person.

We use these measures to assess the strength of directed search and preference bias by estimating

Yips = δ · Same traitip +Controls + εips. (6)

Each observation consists of a student i and a profile p in a scenario s offered to that student.

On the right-hand side, we include an indicator for the student having the same trait (gender

or region) as the profile. The outcome variable measures choice or preference. For choice, the

outcome is simply an indicator for the student choosing that profile. For preference, the outcome

is the probability of friendship—conditional on having met the profile—reported by the student.

The controls include respondent, scenario, and profile characteristics.

Because the choice and preference measures have different units, to make the results comparable,

it is helpful to normalize the regression coefficients by the mean outcome of profiles that do not

have the same trait. That is, we compute the choice premium as the proportional increase in the

probability of choosing a same-trait rather than a different-trait profile. We compute the preference

premium as the proportional increase, conditional on having met, in the probability that the student

would want to become friends with a same-trait rather than a different-trait profile.

The regression results in Table 9 show that there is a significant effect of same gender and

same region on both our choice (column 1) and preference (column 2) measures. Comparing the

associated premia in Figure 4 reveals that the search premia are substantially and significantly

larger than the preference premia. The likelihood of choosing to meet a same-gender student is

about 34% higher than that of choosing to meet a different-gender student. In contrast, the reported

likelihood of wanting to become friends with a same-gender student is only 4% higher than that for
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a different-gender student. Similarly, for region, the choice premium for same region is 33%, while

the preference premium is only 11%. These findings are consistent with the view that same-trait

preferences are relatively mild, but are amplified by directed search.

Table 9: Directed Search and Preference for Gender and Region

Choose profile x Preference for profile x

(1) (2)

Profile x has
respondent’s gender

0.147∗∗∗ 0.025∗

(0.032) (0.014)
Profile x has
respondent’s region

0.158∗∗∗ 0.068∗∗∗

(0.034) (0.018)

Sample All All
Observations 1,880 940

Notes. Each observation is a respondent-profile pair. Column (1) uses the directed-search outcome, equal to one if
the respondent chooses profile x. Column (2) uses the respondent’s reported probability of wanting to become friends
with profile x, scaled from 0 to 1; profile x is randomly selected from the two profiles in the directed-search question.
For the same-gender row, the indicator equals one if profile x has the respondent’s gender; for the same-region
row, it equals one if profile x has the respondent’s region. All respondents see one same-gender and one different-
gender profile; profile region is randomized across six regions, so some respondents see no same-region profile. Both
specifications control for scenario, respondent gender and region, and profile activity. Standard errors, clustered at
the individual level, are reported in parentheses. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

One concern is that stated friendship preferences may be more sensitive to social-desirability

bias than approach decisions. However, both questions use the same profile information and closely

parallel wording, so any stigma attached to expressing same-trait bias should affect the two measures

similarly.

Another concern with these results is that our survey, which is based on unincentivized behavior

in hypothetical scenarios, may not accurately capture real-world search behavior and preferences.

Although we cannot fully address this concern, we provide two checks on the internal and exter-

nal validity of our measures. First, Appendix Table B1 shows that respondents with a stronger

tendency to choose same-trait profiles also report a stronger preference for such profiles. Second,

Appendix Table B2 shows that directed search is positively associated with a student’s gender
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Figure 4: Search and Preference Premia Using Coefficients from Table 9

Notes. The figure reports search and preference premia computed from the coefficients in Table 9. For each trait, the
search premium is the percentage increase in the probability of choosing a same-trait profile relative to a different-
trait profile. The preference premium is the percentage increase in the reported probability of wanting to become
friends with a same-trait profile relative to a different-trait profile, conditional on having met the profile. The baseline
probabilities shown below the category labels are the corresponding predicted probabilities for different-trait profiles.
Bars report point estimates; vertical lines show 95% confidence intervals.

homophily outside the study group, but not within the study group.33 This pattern is consistent

with our interpretation that directed search is muted inside study groups and more relevant in

larger peer environments. The same table also shows that preference is generally positively related

to homophily, though the evidence is less uniform across different layers of exposure.

Summary of reduced-form evidence. In sum, the evidence so far suggests limited bias in peer-

group composition, and only modest same-gender and same-region preferences. By contrast, we

do observe a significant tendency to direct search toward same-gender and same-region peers. The

33We do not report an analogous region-homophily version of Appendix Table B2 because this specification would
leave very few observations for the relevant comparisons.
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prominence of directed search is consistent with the findings of Ingram and Morris (2007), who

document directed search by gender and race in a business-mixer event. However, it is unclear

how much each mechanism contributes to observed homophily. To explore this, we develop and

estimate a model that incorporates all three mechanisms.

4.2 A Network-Formation Accounting Framework

We develop an accounting framework to study friendship formation. Our framework does not

derive behavior from first principles, but it allows us to decompose network formation into the

three mechanisms of homophily highlighted above. The logic is as follows. Students attend their

stream and some Student Association club events.34 In each of these forums, they engage in directed

search, approaching peers based on their traits. When two students meet, a friendship link forms

if they both view the match favorably. Students also attend their study group; the small size and

collaborative nature of this forum mute directed search, so links form whenever both students view

the match favorably.

This framework captures our three mechanisms as follows. Peer-group composition is captured

by the composition of peers in the stream and in the clubs; preferences for the same trait are

captured by friendship choices conditional on meeting; and directed search is captured by students’

choices of whom to approach. This structure naturally lends itself to a decomposition of homophily

into the three mechanisms. Importantly, our framework does not identify the causal drivers of

each mechanism: for example, choices in directed search could also reflect preferences. But it

distinguishes the direct effects of preferences from any indirect effects they may have through the

other mechanisms.

To clarify the distinction between model parameters and data moments, we denote any quantity

Q observed in the data by Qobs. We focus on friendships that form among two sets of possible links,

Lobs
Stream and Lobs

Group. These correspond, respectively, to pairs of students who are in the same stream

but not in the same study group, and to pairs of students who are in the same study group. We

focus on three traits: gender, ethnicity, and region. For gender, students can have one of two trait

34For simplicity, we ignore the Career Centre events and the tailored courses.
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values, F or M . For ethnicity and region, students can have one of the corresponding categorical

trait values in the data. The trait value of student i is denoted by ti.

We now describe the probability that a pair i, j ∈ Lobs
Stream meets. Within the stream, meetings

arise through directed search as follows. Let mij denote the probability that student i initiates a

meeting with student j. Since either student can initiate the meeting, the probability that the pair

meets in the stream is

mij + (1−mij)mji.

Within Student Association events, meetings arise through the same directed-search process, but

only conditional on the two students co-registering. Let cobsij be an indicator equal to one if students

i and j register for at least one common event, and zero otherwise.35 Let Mij be an indicator equal

to one if i and j meet. The probability that the pair meets either within the stream or through

clubs is

Pr[Mij = 1 | ij ∈ Lobs
Stream] = [mij + (1−mij)mji]

[
1 + (1−mij)(1−mji)c

obs
ij

]
.

Conditional on meeting, each student receives a signal about the quality of the match. Let Γij

denote the probability that student i receives a positive signal upon meeting student j. A friendship

forms only if both students receive positive signals. Hence, under the simplifying assumption that

these signals are i.i.d., the unconditional probability that the pair forms a friendship is

Pr[Yij = 1 | ij ∈ Lobs
Stream] = Pr[Mij = 1 | ij ∈ Lobs

Stream] · ΓijΓji. (7)

We now consider students i, j ∈ Lobs
Group who belong to the same study group. We assume that,

for these pairs, there are no meeting frictions; that is, Pr[Mij = 1 | ij ∈ Lobs
Group] = 1. This implies

that

Pr[Yij = 1 | ij ∈ Lobs
Group] = ΓijΓji. (8)

To make the model parsimonious, we assume that both directed-search intensities and prefer-

35For simplicity, we ignore repeated co-registrations.
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ences for connections depend only on whether the two students share the same trait.

Assumption 1. Preferences for connections and directed-search intensities for a pair i, j depend

only on whether the two students share the same trait; that is,

mij =


mST if ti = tj and ij ∈ Lobs

Stream,

mDT if ti ̸= tj and ij ∈ Lobs
Stream,

Γij =


ΓST if ti = tj and ij ∈ Lobs

Stream ∪ Lobs
Group,

ΓDT if ti ̸= tj and ij ∈ Lobs
Stream ∪ Lobs

Group,

where ST and DT signify same trait and different trait, respectively.

Under Assumption 1, we can rewrite expression (7) as

Pr[Yij = 1 | ij ∈ Lobs
Stream] =


Γ2
ST [mST + (1−mST )mST ]

[
1 + (1−mST )

2cobsij

]
if ti = tj ,

Γ2
DT [mDT + (1−mDT )mDT ]

[
1 + (1−mDT )

2cobsij

]
if ti ̸= tj ,

(9)

and expression (8) as

Pr[Yij = 1 | ij ∈ Lobs
Group] =


Γ2
ST if ti = tj ,

Γ2
DT if ti ̸= tj .

(10)

4.3 Moments and Estimation

For a given trait, such as gender, the model has four deep parameters summarized in the vector

θ = (ΓST ,ΓDT ,mST ,mDT )
′.

We estimate θ by two-step Generalized Method of Moments (GMM), with standard errors computed

from the robust asymptotic covariance matrix; see Hansen (1982). In our main approach, we

use four degree moments, giving a just-identified system.36 Our moments measure the intensity

36For the just-identified specifications, the weighting matrix affects neither the point estimates nor their first-order
asymptotic covariance; we nevertheless use the same two-step GMM procedure throughout for consistency with the
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with which same-trait and different-trait links are formed in the stream and in the study group,

respectively. To introduce these moments formally, we let nobs
Stream = |Lobs

Stream| and nobs
Group =

|Lobs
Group| denote the cardinalities of the stream and study-group pair sets, respectively, and let Y obs

ij

indicate a link between i and j in the data.

Same-trait and different-trait links in Lobs
Stream. Our first two moments are the share of possible

stream links that are actually formed between same-trait and different-trait students, respectively:

1

nobs
Stream

∑
ij∈Lobs

Stream

Y obs
ij 1{ti = tj} =

1

nobs
Stream

∑
ij∈Lobs

Stream

Pr[Yij = 1 | ij ∈ Lobs
Stream]1{ti = tj}, (11)

1

nobs
Stream

∑
ij∈Lobs

Stream

Y obs
ij 1{ti ̸= tj} =

1

nobs
Stream

∑
ij∈Lobs

Stream

Pr[Yij = 1 | ij ∈ Lobs
Stream]1{ti ̸= tj}. (12)

The left-hand side computes the number of same-trait (different-trait) same-stream links that are

formed in the data, normalized by the number of possible links in Lobs
Stream. The right-hand side

computes the predicted value of this share in the model, where Pr[Yij = 1 | ij ∈ Lobs
Stream] is given

by expression (9).

Same-trait and different-trait links in Lobs
Group. These are the analogous moments for the study

group:

1

nobs
Group

∑
ij∈Lobs

Group

Y obs
ij 1{ti = tj} =

1

nobs
Group

∑
ij∈Lobs

Group

Γ2
ST , (13)

1

nobs
Group

∑
ij∈Lobs

Group

Y obs
ij 1{ti ̸= tj} =

1

nobs
Group

∑
ij∈Lobs

Group

Γ2
DT . (14)

The left-hand side computes the number of same-trait (different-trait) same-group links that are

formed in the data, normalized by the number of possible links in Lobs
Group. The right-hand side

computes the predicted value of this share in the model, where Pr[Yij = 1 | ij ∈ Lobs
Group] is given

by expression (10).

When conducting the estimation, an issue we need to resolve is that we measure links for

students in a given cohort in multiple surveys. Our approach is to take the average across surveys.

overidentified specifications.
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That is, we define Y obs
ij = 1

sobsij

∑
s Y

obs
ij,s , where Y

obs
ij,s indicates a link between i and j in survey s and

sobsij is the number of surveys in which (i, j) are present. Note that Y obs
ij ∈ [0, 1].37

4.4 Decomposing Stream Homophily

Table B3 in Appendix B.2 reports the estimates θ̂ for gender, ethnicity, and region. We include

both ethnicity and region because in the survey evidence on mechanisms in Section 4.1 we used

region as a proxy for ethnicity. All model parameters are probabilities; reassuringly, the estimated

parameters all lie in [0, 1]. Since the GMM is just identified, the moments are matched exactly.

We use the estimated model to decompose homophily in the stream into the contributions of

peer-group composition, preferences, and directed search. We proceed in three steps: we first com-

pute homophily with peer-group composition only, then add preferences, and finally add directed

search. Our decomposition starts with a counterfactual that mutes biases in preferences and search,

by setting Γij = (Γ̂ST + Γ̂DT )/2 and mij = (m̂ST + m̂DT )/2 in the model. Since preferences and

search no longer depend on the trait profile, in this counterfactual only peer-group composition

affects inbreeding homophily. We then add back preferences by setting ΓST and ΓDT to their es-

timated values, but maintaining no bias in search. Finally, we also add back the bias in directed

search by setting mST and mDT to their estimated values. We compute the model-implied inbreed-

ing homophily in each counterfactual, and interpret the incremental changes as the contributions

of preferences and directed search. Because the model is nonlinear, the order can in principle affect

the channel contributions, but empirically this order dependence is small and has only minor effects

on our quantitative results.

Table 10 reports the results. For gender, we find that peer-group composition makes a negligible

contribution to inbreeding homophily, while preferences and directed search each account for about

half. For ethnicity, peer-group composition again contributes negligibly, preferences account for

20%, and directed search accounts for 80%. The results for region are very similar to those for

ethnicity, which is reassuring since we used region as a proxy for ethnicity in Section 4.1. These

results indicate that directed search is a major driver of homophily in the stream.

37We replicated the structural analysis using only data from the second survey from all cohorts, and obtained very
similar results.
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Table 10: Decomposing Stream Inbreeding Homophily

Gender Ethnicity Region

Channel Contribution % Contribution % Contribution %

Club peer composition 0.002 0.6 0.000 0.1 0.002 0.7
[0.002, 0.002] [0.5, 0.6] [0.000, 0.000] [0.1, 0.1] [0.002, 0.002] [0.6, 0.7]

Preferences 0.190 53.9 0.053 20.5 0.045 13.8
[0.152, 0.228] [42.9, 64.9] [0.028, 0.078] [11.0, 30.0] [−0.011, 0.102] [−3.4, 31.0]

Directed search 0.161 45.5 0.207 79.4 0.282 85.5
[0.118, 0.203] [34.6, 56.5] [0.179, 0.236] [69.9, 88.9] [0.222, 0.342] [68.3, 102.7]

Total 0.353 100.0 0.261 100.0 0.329 100.0

Notes. The table decomposes model-implied stream inbreeding homophily into the contributions of club peer com-
position, preferences, and directed search. Contributions are measured as the incremental effect of each channel on
inbreeding homophily. Percentage contributions are computed by dividing each channel’s contribution by total model-
implied homophily. 95% confidence intervals for the channel rows are reported in brackets below the corresponding
estimates. These intervals are computed by the delta method, treating each reported decomposition quantity as a
function of the four estimated GMM parameters and using the full two-step GMM covariance matrix.

The large role of directed search reflects the fact, documented in Table 5, that inbreeding

homophily is substantially higher in the stream than in the study group. Our moments capture

this difference in homophily across two environments, so the model must account for it through

one of the three channels. Preferences are assumed to be the same across environments, while

peer-group composition differs little between the stream and study group in the data. As a result,

the model attributes most of the additional homophily observed in the stream to directed search,

which is assumed to operate only in that environment. This logic also explains why preferences

account for a larger share of gender homophily than of ethnicity or region homophily. Since directed

search is assumed not to operate in study groups, the homophily that remains in study groups is

attributed to preferences. Because study groups largely eliminate ethnicity and region homophily

but not gender homophily, the model assigns a larger role to preferences for gender.

Identifying from data on preferences and search. The estimates in Table 10 are identified using

variation in friendship composition between the study group and the stream. As discussed in

Section 4.1, we also collected direct measures of preferences and directed search in the survey.

These provide three additional moments, formally defined in Appendix B.3, measuring the same-
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trait preference premium and directed search premium in the stream. Because this survey was

conducted only for the MBA 2027 cohort, these moments are available only for that sample, and

because we did not collect these measures for ethnicity, we can only use them for gender and region.

The additional moments allow us to re-estimate the model using a different source of variation:

the difference between the preference and directed search premia. Combined with the stream

composition moments (11) and (12), the survey moments yield an overidentified system that exploits

this additional source of variation. We can also combine the seven moments in other ways, or include

all of them. Appendix Tables B4 and B5 report the results for different combinations of moments.

There is some tension across the different sources of variation, which causes the J-test to reject some

specifications. However, every specification matches stream homophily well and supports the same

qualitative conclusion. The share of inbreeding homophily attributed to directed search ranges

from 25% to 75% for gender and from 53% to 96% for region. Thus, the conclusion that directed

search is a major driver of homophily in the stream is robust across two independent sources of

identifying variation.

Lasting friendships. A potential concern with the results so far is that the full network may

include temporary or superficial connections, whereas preferences may play a larger role in the for-

mation of lasting friendships. To address this concern, we replicate our main structural specification

and homophily decomposition using only lasting friendships. Appendix Tables B6 and B7 show

that the estimates are qualitatively similar: directed search remains an important driver of gen-

der, ethnicity, and region homophily, indicating that our conclusions are not driven by short-lived

relationships.

4.5 Alternative Explanation: Study Group Reduces Cost of Connections

An alternative explanation for the gap between stream homophily and study-group homophily,

already introduced in Section 3.6, is that the two peer environments differ in the cost of a connection.

This alternative predicts that the study-group reduction in homophily should fade among lasting

ties; empirically, it does not. The model allows us to formulate this explanation more precisely.

We can think of the likelihood that i would like to become friends with j as Γij = Pr[vij − cij ≥
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0], where vij is the gross per-period value to i and cij is the per-period maintenance cost to i.

Assumption 1 restricts vij − cij to depend only on ti and tj , and not on the exposure treatment

of ij. However, the cost cij may be lower for pairs in the same study group during the period

in which study groups are active, namely the first nine months of the program. Moreover, this

cost reduction may be larger for different-trait pairs if repeated exposure is especially helpful for

reducing coordination frictions when those frictions are initially large. In this explanation, the

difference between stream and study group homophily is driven by preferences, not search.

This explanation implies that the same-trait preference premium should be larger in the stream

than in the study group. However, the maintenance-cost advantage created by active study groups

should disappear once the study groups dissolve. Therefore, the gap in the same-trait preference

premium between the stream and the study group should shrink or disappear when we focus

on lasting friendships. As we noted in Section 3.6, this does not happen (Table 7), providing

evidence against the alternative explanation. The structural model allows us to make this argument

quantitatively.

Specifically, we estimate a version of the model in which preferences depend both on trait

similarity and on whether two students are assigned to the same study group. We shut down

directed search: all pairs are assumed to meet with probability one. Formally, this specification

replaces Assumption 1 with Assumption 2 (Appendix B.4). This version of the model also has four

moments, corresponding to the same-trait and different-trait preferences in the stream and in the

study group. We derive the analogs of moments (11)–(14) under Assumption 2, stated in (B3). We

estimate this specification in both the full network and the network of lasting connections. The

results are reported in Appendix Table B8.

The results do not support the temporary maintenance-cost explanation. Although this specifi-

cation matches the homophily patterns in the full network, it fails to match the key prediction that

the preference gap should shrink or disappear among lasting connections. In the full network, the

same-trait preference premium is larger in the stream than in the study group: 44% versus 20.9%

for gender, and 92.5% versus 12.2% for region. However, this gap does not seem to narrow once

we focus on lasting connections, where the same-trait preference premium in the stream versus the
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group is 82.9% versus 25.6% for gender, and 116.8% versus 31.7% for region.

This quantification also contrasts with the survey data on search and preferences. Because this

model attributes all homophily to preferences, it implies lower search premia and higher preference

premia than those observed in the survey. Specifically, this model implies zero same-trait search

premia in the stream, whereas Figure 4 documents survey-based search premia of 34% by gender

and 33% by region. It also implies same-trait preference premia in the stream of 44% for gender and

92.5% for region, compared with survey-based preference premia of only 3.8% and 10.9%. Taken

together, these results favor the directed-search explanation over the temporary maintenance-cost

explanation.

5 Conclusion

This paper studies how peer-group assignment shapes homophily in friendship networks. Using

the quasi-random assignment of MBA students to streams, study groups, and adjacent seats, we

show that exposure in smaller groups substantially reduces homophily by gender and ethnicity.

To understand the underlying mechanism, we combine reduced-form evidence, survey measures of

friendship preferences and approach decisions, and a structural model of network formation. We find

little evidence that peer-group composition is an important source of homophily, and only modest

same-trait preferences. By contrast, both the survey evidence and structural estimates indicate that

directed search is an important source of homophily in the stream. These findings suggest that

small-group interactions reduce homophily primarily by muting directed search, thereby creating

opportunities for cross-trait friendships that would otherwise not arise.

Our result that preferences play a modest role in driving homophily suggests that policies that

reduce homophily may help realize potential benefits from more diverse social networks without

substantially conflicting with individuals’ friendship preferences. Our results further suggest that

peer-group design may be an effective way to achieve that goal. Peer-group design does not re-

quire changing preferences or the composition of the population. Instead, it works by encouraging

interactions that otherwise might not occur. An important next step in this research agenda is

to conduct randomized interventions that vary group size, generating direct evidence on the full
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equilibrium effects of peer-group design on network formation and homophily.
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Appendix

Appendix A provides additional material on the institutional context, data, and empirical design.

Appendix B contains the material supporting Section 4. Appendix C reproduces the survey instru-

ments used to measure directed search, preferences, connections, and socioeconomic background.

A Appendix to Section 2: Context, Data, and Design

Appendix A.1 gives the empirical-strategy details; Appendix A.2 describes the assignment algo-

rithms; Appendix A.3 reports the balance tests; Appendices A.4–A.7 report the individual-fixed-

effects, joint-trait, similarity-index, and male/female inbreeding-homophily specifications; and Ap-

pendices A.8–A.10 report the lasting-friendship, less-detectable-trait, and alternative-network ro-

bustness exercises.

A.1 Discussion of Empirical Strategy

This appendix formalizes three points that are discussed in Section 2.4. First, we state assumptions

under which recentered instruments based on conditional counterfactuals identify the causal effect

of each exposure. This is an application of Borusyak and Hull (2023) to a setting in which the

assignment process is nested: streams are assigned first, study groups are assigned within streams,

and seating charts are assigned conditional on both (Section A.1.1). Second, Section A.1.2 ex-

plains why conditional recentering is required for downstream exposures: if the regression omits an

interaction with an upstream exposure, conditional counterfactuals still satisfy the orthogonality

conditions needed to identify downstream coefficients, whereas unconditional counterfactuals gen-

erally do not. Third, Section A.1.3 characterizes the RCIV estimand when the regression omits an

interaction between exposure and a predetermined pair characteristic.

Throughout, we index an unordered pair of students by ℓ = (i, j) and suppress cohort and

survey-wave indices whenever doing so simplifies notation.
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A.1.1 Identification with a Nested Assignment Algorithm

Let

Dℓ := (Sℓ, Gℓ, Aℓ)
′

collect the three exposure treatments, let Tℓ denote a predetermined pair characteristic (or a vector

of pair characteristics) that is included in the regression, such as whether the pair shares the same

gender, and let Cℓ collect other exogenous controls. The specified interacted model is

Yℓ = α+D′
ℓβ + ρTℓ + (TℓDℓ)

′ω + λ′Cℓ + εℓ, (A1)

where β = (βS , βG, βA)
′ and ω = (ωS , ωG, ωA)

′. This is analogous to our main specification (3).

For each assignment stage X ∈ {S,G,A}, write exposure as

Xℓ = fX
ℓ (gX ;wX), X ∈ {S,G,A}, (A2)

where gX is the randomization shock used by the X-assignment algorithm and wX is the full

set of predetermined inputs held fixed when that algorithm is run. In our setting, wS contains

the predetermined characteristics used by the stream algorithm; wG contains the predetermined

characteristics used by the study-group algorithm together with the realized stream allocation; and

wA contains the predetermined characteristics used by the seating-chart algorithm together with

the realized stream and study-group allocations.

For each stage X ∈ {S,G,A}, let FX(· | wX) denote the conditional distribution of the assign-

ment shock induced by the stage-X algorithm. Since wX contains the full set of inputs used by the

algorithm, the distribution of the assignment shock does not depend on Tℓ once wX is fixed:

FX(gX | wX , Tℓ) = FX(gX | wX).

Therefore, since

Xℓ = fX
ℓ (gX ;wX),
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we have

E[Xℓ | wX , Tℓ] =

∫
fX
ℓ (γ;wX) dFX(γ | wX , Tℓ) =

∫
fX
ℓ (γ;wX) dFX(γ | wX) = E[Xℓ | wX ].

The following is the main identifying assumption:

Assumption A1 (Weak shock exogeneity). For each stage X ∈ {S,G,A}

E[εℓ | gX , wX , Tℓ] = E[εℓ | wX , Tℓ].

Assumption A1 is the analog of weak shock exogeneity in Borusyak and Hull (2023). It states

that, conditional on the information used by the assignment algorithm and on the pair character-

istic, the assignment shock is mean independent of the structural error.38

Combining Assumption A1 with the assignment-mechanism property above, we obtain the

orthogonality conditions:

E[ZℓX̃ℓεℓ] = 0 for all Zℓ ∈ {1, Tℓ}

.

Define the stage-specific expected exposure

E[Xℓ | wX ] =

∫
fX
ℓ (γ;wX) dFX(γ | wX), X ∈ {S,G,A},

and the corresponding recentered exposure

X̃ℓ := Xℓ − E[Xℓ | wX ].

These are precisely the objects measured in the data by repeatedly rerunning the stage-specific

assignment algorithm while holding fixed the appropriate inputs.

38In the basic specification of Borusyak and Hull (2023), there is no interaction between treatment X and pair
characteristic Tℓ, as in our specification (2). In that case, identification requires the weaker condition E[εℓ | gX , wX ] =
E[εℓ | wX ]. Assumption A1 strengthens it to account for the interacted term TℓXℓ. We note that if Tℓ is measurable
with respect to wX , the strengthened condition is implied by the baseline condition.
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Since X̃ℓ is a function of (gX , wX), we have

E[ZℓX̃ℓεℓ] = E
[
ZℓX̃ℓE[εℓ | gX , wX , Tℓ]

]
.

Assumption A1 implies

E[ZℓX̃ℓεℓ] = E
[
ZℓX̃ℓE[εℓ | wX , Tℓ]

]
.

Because Zℓ and E[εℓ | wX , Tℓ] are measurable with respect to (wX , Tℓ), iterated expectations give

E[ZℓX̃ℓεℓ] = E
[
ZℓE[εℓ | wX , Tℓ]E[X̃ℓ | wX , Tℓ]

]
= 0.

The last equality follows because

E[X̃ℓ | wX , Tℓ] = E[Xℓ − E[Xℓ | wX ] | wX , Tℓ] = E[Xℓ | wX , Tℓ]− E[Xℓ | wX ] = 0.

Hence, under instrument relevance, the coefficients in (A1) are identified by 2SLS using the

instrument vector (
S̃ℓ, G̃ℓ, Ãℓ, TℓS̃ℓ, TℓG̃ℓ, TℓÃℓ

)
.

A.1.2 Why Unconditional Counterfactuals Fail in the Misspecified Model

We now explain why conditional recentering is required for downstream exposures. To keep the

argument transparent, consider the study-group effect. Suppose the true model is

Yℓ = α+ βSSℓ + βGGℓ + ρTℓ + ωTℓSℓ + εℓ, (A3)

and suppose the estimated regression omits Tℓ and TℓSℓ. The omitted component is

ηℓ := ρTℓ + ωTℓSℓ + εℓ.
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The conditional study-group residual is G̃ℓ := Gℓ−E[Gℓ | wG]. Since Sℓ is measurable with respect

to wG and since the study-group algorithm only conditions on wG, we have

E[Gℓ | wG, Tℓ, Sℓ] = E[Gℓ | wG].

Therefore,

E[G̃ℓ | wG, Tℓ, Sℓ] = E[Gℓ − E[Gℓ | wG] | wG, Tℓ, Sℓ] = 0.

It follows that

E[G̃ℓTℓSℓ] = E
[
TℓSℓE[G̃ℓ | wG, Tℓ, Sℓ]

]
= 0.

Similarly,

E[G̃ℓTℓ] = E
[
TℓE[G̃ℓ | wG, Tℓ]

]
= 0.

Assumption A1 gives

E[G̃ℓεℓ] = 0.

Hence

E[G̃ℓηℓ] = ρE[G̃ℓTℓ] + ωE[G̃ℓTℓSℓ] + E[G̃ℓεℓ] = 0.

Now consider instead an unconditional study-group counterfactual correction, obtained by omit-

ting the realized stream allocation from the information set used to redraw study groups. Let w̄G

denote this reduced information set and define

G̃u
ℓ := Gℓ − E[Gℓ | w̄G].

Abstracting from any correlation between G̃u
ℓ and εℓ, the omitted interaction term alone generates

E[G̃u
ℓ ηℓ] = ρE[G̃u

ℓ Tℓ] + ωE[G̃u
ℓ TℓSℓ]

= ρE[Cov(Gℓ, Tℓ | w̄G)] + ωE[Cov(Gℓ, TℓSℓ | w̄G)] ̸= 0.

The first term is zero if Tℓ is measurable with respect to w̄G, but the second term is generically
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nonzero because the nested structure of the assignment process implies that Sℓ is correlated with

Gℓ. Hence, the unconditional correction violates the RCIV orthogonality condition.

This is the formal reason study-group counterfactuals must be drawn conditional on the realized

stream assignment. Unconditional recentering removes the component of study-group exposure pre-

dictable from the predetermined information in w̄G, but it leaves in the instrument the component

predictable from the realized upstream assignment Sℓ. That residual component is exactly what

generates the correlation with the omitted term TℓSℓ.

The same logic applies one step further down the assignment sequence, from study groups to

seating-chart exposure.

A.1.3 Misspecification: What RCIV Identifies

We now characterize the RCIV estimand when the regression omits an interaction between exposure

and a predetermined pair characteristic. Throughout this subsection, we maintain Assumption

A1 and consider the well-specified conditional counterfactual corrections. This allows us to isolate

misspecification of the outcome equation from the separate issue of misspecifying the counterfactual

correction, which is studied in Section A.1.2 above.

To make the interpretation of RCIV under misspecification transparent, begin with a single

exposure Xℓ assigned according to (A2). Suppose the true model is

Yℓ = α+ βXℓ + ρTℓ + ωTℓXℓ + εℓ, (A4)

but the estimated regression omits Tℓ and TℓXℓ:

Yℓ = α+ bXℓ + uℓ. (A5)

Under Assumption A1

bRCIV =
E[X̃ℓYℓ]

E[X̃ℓXℓ]
= β + ω

E[X̃ℓTℓXℓ]

E[X̃ℓXℓ]
= β + ω

E[TℓVar(Xℓ | wX)]

E[Var(Xℓ | wX)]
.
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Hence

bRCIV = β + ζω, ζ :=
E[TℓVar(Xℓ | wX)]

E[Var(Xℓ | wX)]
. (A6)

Equation (A6) shows that RCIV does not recover the baseline effect β in the misspecified scalar

model. Instead, it identifies a variance-weighted average treatment effect. If Tℓ is binary, then

ζ ∈ [0, 1], so bRCIV lies between the treatment effect for Tℓ = 0 pairs and the treatment effect for

Tℓ = 1 pairs. If the conditional variance Var(Xℓ | wX) is constant, then ζ = E[Tℓ], and the scalar

RCIV coefficient reduces to the average exposure effect across values of Tℓ.

Relation to correlated random coefficient IV. This is closely related to the logic of Heckman

and Vytlacil (1998) and to Appendix C.1 of Borusyak and Hull (2023), which extends classic

results on IV identification in the presence of heterogeneous treatment effects in the recentered

IV approach. In Heckman and Vytlacil (1998)’s correlated-random-coefficient framework, IV does

not in general recover a common structural coefficient when treatment effects are heterogeneous;

instead, it recovers a weighted average of heterogeneous effects, with the weights determined by

how the instrument generates identifying variation. Our setting is a special case of that logic. The

difference is that here the instrument is the recentered assignment innovation, so the weights take

the form of conditional variances of exposure.

Formally, specification (A4) can be rewritten as

Yℓ = αℓ +BℓXℓ + εℓ, αℓ := α+ ρTℓ, Bℓ := β + ωTℓ.

Thus the coefficient on exposure is a random coefficient as in Heckman and Vytlacil (1998). For

any valid instrument qℓ, the IV estimand is

b(q) =
E[qℓBℓXℓ]

E[qℓXℓ]
,

that is, a weighted average of the heterogeneous slopes Bℓ. In our case, qℓ = X̃ℓ := Xℓ−E[Xℓ | wX ],
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so the weights are proportional to Var(Xℓ | wX). This yields

bRCIV =
E[BℓVar(Xℓ | wX)]

E[Var(Xℓ | wX)]
= β + ω

E[TℓVar(Xℓ | wX)]

E[Var(Xℓ | wX)]
.

Hence, our setting is a structured correlated-random-coefficient model in which the RCIV weights

are induced by the conditional variance of exposure.

Extending the logic to the full three-exposure model. Let

Dℓ = (Sℓ, Gℓ, Aℓ)
′, D̃ℓ = (S̃ℓ, G̃ℓ, Ãℓ)

′.

Suppose the model is

Yℓ = α+D′
ℓβ + ρTℓ + (TℓDℓ)

′ω + εℓ,

but the estimated regression omits Tℓ and TℓDℓ. Then the RCIV coefficient vector satisfies

bRCIV = β +Q−1Mω, (A7)

where

Q := E[D̃ℓD
′
ℓ], M := E[D̃ℓ(TℓDℓ)

′].

Thus, in the presence of multiple correlated exposures, omitted-interaction bias need not remain

within a single coefficient. Instead, each RCIV coefficient generally becomes a linear combination

of the heterogeneous exposure effects.39

Finally, suppose the regression includes interactions of the exposure treatments with one pre-

determined characteristic Tℓ, but omits interactions with another characteristic Zℓ. Then the same

omitted-variable logic applies to the included endogenous block (Dℓ, TℓDℓ). The coefficients on

the included exposure terms and the included interaction terms need not recover their baseline

counterparts; rather, they are shifted by a linear combination of the omitted heterogeneous effects

39Analogously to the discussion of the correlated random coefficient (IV) above, in this multivariate case, a simpli-

fication obtains under the assumption that E[D̃ℓ(TℓDℓ)
′] = t̄E[D̃ℓD

′
ℓ] for some scalar t̄, in which case (A7) becomes

bRCIV = β + t̄ ω.
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associated with ZℓDℓ. This is the sense in which an omitted interaction can affect not only the

exposure coefficients, but also the coefficients on the interactions that remain in the regression.

A.2 Counterfactuals: Stream, Study-Group, and Seating-Chart Algorithms

LBS uses quasi-random procedures to allocate students to streams, study groups, and seating

charts. These allocations must satisfy all requirements set by the MBA program office to ensure

that student characteristics are evenly balanced across streams and study groups. To implement

these requirements, the allocation is modeled as a binary programming problem. For our sample,

there were four kinds of constraints for the stream assignment:

1. Each student is assigned only once.

2. Maximum stream size for each cohort.

3. For each stream, s, the average value of a continuous characteristic, c, must be such that c̄s

is within c̄ ± bc, where c̄s is the stream-level average, c̄ is the cohort-level average, and bc is

the deviation permitted by the program office for characteristic c. Examples of continuous

characteristics are age, total GMAT score, and work experience.

4. For each stream, s, the number of students with discrete characteristic d must be such that

either ds = d̄ or ds is within d̄±1, where ds is the number of students with characteristic d in

stream s and d̄ is the total number of students with characteristic d divided by the number

of streams. Examples of discrete characteristics are prior industry, firm, region, nationality,

gender, and native English status.

After the stream allocation, each student is assigned to a study group. The allocation of

study groups follows the same structure as that of streams, with a broader range of constraints for

continuous and discrete characteristics reflecting the composition of the stream.

Seating charts are generated after every student is allocated to a stream and a study group. In

the program’s first year, there are three iterations of seating charts. The first seating chart applies

to all core courses in Term 1, Part 1, with 21 sessions. For Term 1, Part 2, which has 40 sessions,
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students are assigned a second seating chart. The third seating chart is used for core courses in

Term 2, with 25 sessions. For the MBA 2025 and MBA 2026 cohorts, two different algorithms were

used for the seating charts, one for chart 1 and the other for charts 2 and 3. This was standardized

for the MBA 2027 cohort, and the second algorithm was used for all three seating charts.

The first algorithm, used to generate chart 1, takes the list of students in any stream and

scrambles the order up to 5, 000 times. In each iteration, it calculates the number of clashes. Here,

a clash is defined as an instance where two students assigned adjacent seats have the same gender,

have the same nationality, or belong to the same study group. The algorithm uses a weighting

scheme where the weights of clashes in gender, nationality, and study groups are 1, 2, and 3,

respectively. The algorithm stops when either the weighted sum of the clashes is zero or N = 5, 000

iterations are complete. If the algorithm reaches the Nth draw, then the allocation with the lowest

clash score is implemented.

The second algorithm follows the same demographic criteria set by the program office but follows

a different procedure. Instead of a weighted clash score, the algorithm counts the number of red

flags. A red flag is defined as any instance where two students assigned adjacent seats have the

same gender, have the same nationality, or belong to the same study group. Note that in this case,

all red flags hold the same weight, and there can be at most one red flag for a pair of students,

even if they clash on more than one dimension. The program first takes the list of students in

a stream, assigns them a random seat, and calculates the total number of red flags generated in

the completely random assignment. Then, it selects two students at random and checks whether

swapping those two students is “feasible.” Here, a swap is considered feasible if either student does

not generate any red flags in their new seats. If the swap is deemed feasible, then the swap is

implemented if the total number of new red flags is no more than the number of red flags before

the swap. Once the swap is implemented or rejected, the program continues to repeat this process

until either the total number of red flags is zero or 1, 500 swaps have been implemented.
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A.3 Recentered Exposure: Balance Tests

Table A1: Balance Tests

Spec Gender Nat. Ind. GMAT Age
Native
English
status

Work ex.
Study
group

OLS Stream -0.006∗∗ -0.009∗∗∗ -0.007∗∗∗ -0.002 -0.004 -0.006∗∗ -0.001
(0.002) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002)

Study
group

-0.092∗∗∗ -0.063∗∗∗ -0.118∗∗∗ -0.036∗∗∗ -0.044∗∗∗ -0.088∗∗∗ -0.047∗∗∗

(0.009) (0.004) (0.008) (0.009) (0.009) (0.009) (0.009)
Adj. in A1 -0.245∗∗∗ -0.052∗∗∗ -0.0003

(0.014) (0.007) (0.003)
Adj. in A2 -0.286∗∗∗ -0.049∗∗∗ 0.001

(0.010) (0.005) (0.002)
Adj. in A3 -0.289∗∗∗ -0.049∗∗∗ 0.002

(0.008) (0.004) (0.002)

RCIV Stream 0.0001 6.94× 10−5 -0.0002 -0.0004 -0.001 4.75× 10−5 0.0007
(0.002) (0.001) (0.002) (0.002) (0.002) (0.002) (0.002)

Study
group

-0.010 -0.0007 -0.008 -0.011 -0.003 -0.003 0.009

(0.009) (0.004) (0.009) (0.009) (0.009) (0.009) (0.009)
Adj. in A1 -0.006 -0.004 -0.0007

(0.014) (0.007) (0.003)
Adj. in A2 -0.017∗ -0.001 -0.0010

(0.010) (0.005) (0.002)
Adj. in A3 -0.011 -0.001 -0.001

(0.008) (0.004) (0.002)

Notes. All regressions were estimated using data from a sample of 1,400 students, which produced 328,671 observa-
tions based on unordered dyadic pairs. The OLS specification uses equation (2), and the RCIV specification uses the
corresponding recentered exposure variables as instruments. The outcome variables indicate whether both members
of each pair shared characteristics in terms of gender, nationality, and pre-MBA industry affiliation; whether both
individuals had (quantitative) GMAT scores above or below the cohort median; whether both were above or below
the average cohort age; whether both shared native English status; whether both possessed work experience above
or below the cohort median; and whether both were assigned to the same study group. Independent variables are
different levels of exposure, where “Adjacent in At” denotes pair (i, j) being adjacent at least once in or before seating
chart t for t = {1, 2, 3}. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01.

Table A1 tests balance only for the variables used to stratify each allocation. Stream and study-

group assignments use gender, nationality, industry, GMAT, age, native English status, and work
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experience; seating-chart adjacency uses only gender, nationality, and study-group membership.

A.4 Probability of Friendship: Individual Fixed Effects

Table A2 reports the same regressions as Table 4 but adds individual fixed effects. Table A2 shows

that the results in Table 4 are robust to individual fixed effects.

Table A2: Probability of Friendship with Individual Fixed Effects

Link

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

Stream 0.044∗∗∗ 0.026∗∗∗ 0.034∗∗∗ 0.034∗∗∗

(0.004) (0.001) (0.003) (0.0009)
Study group 0.221∗∗∗ 0.192∗∗∗ 0.218∗∗∗ 0.222∗∗∗

(0.014) (0.008) (0.013) (0.007)
Adjacent 0.047∗∗∗ 0.047∗∗∗ 0.046∗∗∗ 0.047∗∗∗

(0.014) (0.006) (0.013) (0.005)
Stream × Trait 0.036∗∗∗ 0.051∗∗∗ 0.145∗∗∗

(0.002) (0.008) (0.007)
Study group × Trait 0.070∗∗∗ 0.023 0.313∗∗∗

(0.014) (0.038) (0.061)
Adj × Trait -0.0003 0.004 -0.033

(0.014) (0.030) (0.039)
Trait 0.011∗∗∗ 0.039∗∗∗ 0.112∗∗∗

(0.0006) (0.003) (0.002)

Trait None Gender Ethnicity Similarity
Observations 680,898 680,898 680,898 680,898
Controls Individual Individual Individual Individual
Cluster Pair Pair Pair Pair

Notes. RCIV estimates of exposure on friendship and friendship composition. Each specification includes individual
fixed effects. Standard errors clustered at the pair level are reported in parentheses. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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A.5 Probability of Friendship: Extending Table 4 using gender and ethnicity

jointly

Table A3: Probability of Friendship Using Gender and Ethnicity Jointly

Link

(1) (2) (3)

Stream 0.026∗∗∗ 0.034∗∗∗ 0.016∗∗∗

(0.001) (0.0009) (0.001)
Study group 0.192∗∗∗ 0.218∗∗∗ 0.189∗∗∗

(0.008) (0.007) (0.008)
Adjacent 0.047∗∗∗ 0.046∗∗∗ 0.047∗∗∗

(0.005) (0.005) (0.005)
Stream × Gender 0.036∗∗∗ 0.035∗∗∗

(0.002) (0.002)
Study group × Gender 0.070∗∗∗ 0.069∗∗∗

(0.014) (0.014)
Adj × Gender 0.0001 -0.0007

(0.013) (0.013)
Gender 0.011∗∗∗ 0.011∗∗∗

(0.0004) (0.0004)
Stream × Ethnicity 0.051∗∗∗ 0.051∗∗∗

(0.003) (0.003)
Study group × Ethnicity 0.023 0.022

(0.021) (0.021)
Adj × Ethnicity 0.003 0.002

(0.014) (0.014)
Ethnicity 0.035∗∗∗ 0.035∗∗∗

(0.0008) (0.0008)

Trait Gender Ethnicity Gender and Ethnicity
Baseline 0.01 0.009 0.005
Observations 680,898 680,898 680,898
Cluster Pair Pair Pair

Notes. RCIV estimates of exposure on friendship and friendship composition. Each specification includes survey
× cohort fixed effects. Standard errors clustered at the pair level are reported in parentheses. Columns (1)–(2)
are equivalent to columns (2)–(3) of Table 4. Baseline probability is defined for each specification as follows: (1)
probability of friendship for a different-gender pair outside the stream, (2) probability of friendship for a different-
ethnicity pair outside the stream, (3) probability of friendship for a pair that differs in both gender and ethnicity
outside the stream. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Columns (1) and (2) of Table A3 are the same as columns (2) and (3) of Table 4 and are reported

for convenience. Column (3) of Table A3 considers a specification in which the traits Gender and

Ethnicity and their respective interactions with the exposure variables enter together. We observe

that the point estimates for Gender and Ethnicity and their interactions with the exposure variables

in column (3) are (essentially) the same as the respective estimates in column (1) and column (2).

This is reassuring in view of the discussion of heterogeneous effects in Section 2.4 and Appendix

A.1.3.

Figure A1: Homophily Premium Based on Column (3) of Table A3

Notes. Panels A (B) show the percentage change in the likelihood of forming a friendship between a pair with the same
gender (ethnicity) and a pair with different genders (ethnicities), across all peer groups. The baseline probabilities
(reported under each bar) are the predicted probabilities of friendship between individuals of different genders or
ethnicities within each peer group. The probability increases for same-gender and same-ethnicity friendships are
taken from specification (3) of Table A3.
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A.6 Similarity Index

To construct the similarity index, we first define pair-level similarity on all available individual

baseline demographics: gender, ethnicity, geographic region, industry, age, years of work experience,

GMAT score, self-reported income, and socioeconomic background. We regress friendship (i.e., Yij)

on all pair-level similarities and pairwise interactions, and then use a Lasso procedure to select the

relevant predictors.

The Lasso output shortlists the following variables, listed here in decreasing order of importance

(Lasso logit coefficients in parentheses): region (0.756), ethnicity (0.422), gender × region (0.396),

gender × ethnicity (0.19), gender (0.184), region × age (0.153), region × work exp (0.074), ethnicity

× GMAT (0.04), region × industry (0.038), ethnicity × income (0.017), and region × income

(0.004). Similarity is then estimated using the predicted value from the specification in Table A4,

normalized so that Similarity ∈ [0, 1].

Table A4: Construction of Similarity

Link Link

Variable Coef. S.E. Variable Coef. S.E.

Constant 0.008∗∗∗ (0.0005) Ethnicity × GMAT 0.008∗∗∗ (0.002)
Gender 0.008∗∗∗ (0.0004) Ethnicity × Income 0.006∗∗∗ (0.002)
Ethnicity 0.009∗∗∗ (0.002) Region × Gender 0.034∗∗∗ (0.002)
Region 0.013∗∗∗ (0.002) Region × Industry 0.010∗∗∗ (0.002)
Ethnicity × Gender 0.014∗∗∗ (0.002) Region × Age 0.014∗∗∗ (0.002)
Region × Work Exp 0.009∗∗∗ (0.002) Region × Income 0.003 (0.002)

Observations 680,898 Cluster Pair

Notes. This table reports the estimates used to construct the similarity index. The similarity index is calculated by
first obtaining the predicted value from the specification above and then normalizing it so that Similarity ∈ [0, 1].
Standard errors, clustered at the pair level, are reported in parentheses. ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

A.7 Inbreeding Female and Male Homophily

We now compute predicted male and female inbreeding homophily. Female homophily is

HF =
KFF

KFF +KFM
.
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Under random matching, the composition of female friendships would coincide with the share of

females in the relevant peer group. Let this benchmark be denoted by RF .
40 Female inbreeding

homophily is then

IHF =
HF −RF

1−RF
. (A8)

This index is equal to zero under random matching and is positive whenever female-female friend-

ships are overrepresented relative to the population share of female peers. Male inbreeding ho-

mophily is defined analogously.

Table A5 reports the regressions used to compute predicted male and female inbreeding ho-

mophily. Columns (1) and (2) are used to compute, respectively, the predicted male and female

values reported in Table A6 below.

Table A5: Regressions for Estimating Inbreeding Homophily

Link

(1) (2)

Stream 0.030∗∗∗ 0.030∗∗∗

(0.0005) (0.0001)
Study group 0.188∗∗∗ 0.188∗∗∗

(0.008) (0.008)
Stream × Trait 0.030∗∗∗ 0.039∗∗∗

(0.002) (0.003)
Study group × Trait 0.075∗∗∗ 0.067∗∗∗

(0.016) (0.021)
Trait 0.010∗∗∗ 0.011∗∗∗

(0.0005) (0.0006)

Trait Gender Gender
Observations 551,713 464,780

Sample
At least
one male

At least
one female

Cluster Pair Pair

Notes. The outcome is an indicator equal to one if a pair of students are friends. Stream equals one if the pair
belongs to the same stream, and Study group equals one if the pair belongs to the same study group. Trait equals
one if the two individuals in the pair share the trait indicated in the row “Trait.” Column (1) restricts the sample to
pairs with at least one male, and column (2) restricts the sample to pairs with at least one female. Standard errors,
clustered at the pair level, are reported in parentheses. ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.

40Formally, Rt =
∑

ij∈L 1{ti = tj = t}/
∑

ij∈L(1{ti = t, tj = F}+ 1{ti = t, tj = M}).
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Table A6: Male and Female Inbreeding Homophily from Raw Data and Regression Estimates

Inbreeding Homophily

Overall Outside Stream Stream not group Study group

Raw Pred Raw Pred Raw Pred Raw Pred

Male 0.31 0.33 0.35 0.35 0.35 0.38 0.17 0.22
Female 0.29 0.31 0.32 0.33 0.34 0.36 0.15 0.16

Notes. “Raw” reports male and female inbreeding homophily computed directly from the observed network using
the definitions in Section A.7. “Pred” reports predicted inbreeding homophily implied by the regression estimates of
columns (1) and (2) in Table A5 for male and female homophily, respectively.

A.8 Inbreeding Homophily for Lasting Friendships

Table A7 reports the regressions used to estimate predicted inbreeding homophily for lasting friend-

ships. In particular, columns (1) and (4) are used to compute the gender and ethnicity values

reported in Table 7, respectively. Columns (2) and (3) are used to compute, respectively, the male

and female values reported in Table A8 below. A lasting friendship is defined as a friendship be-

tween a pair {i, j} present in survey 2 and remaining through the last observed survey, i.e., for

cohort c with last observed survey Sc, Yijc =
∏Sc

s=2 Yijcs.
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Table A7: Regressions for Predicted Inbreeding Homophily of Lasting Friendships

Lasting Connection

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

Stream 0.014∗∗∗ 0.014∗∗∗ 0.014∗∗∗ 0.024∗∗∗

(0.002) (0.001) (0.001) (0.001)
Study group 0.088∗∗∗ 0.088∗∗∗ 0.088∗∗∗ 0.107∗∗∗

(0.005) (0.005) (0.005) (0.004)
Stream × Trait 0.036∗∗∗ 0.034∗∗∗ 0.039∗∗∗ 0.040∗∗∗

(0.002) (0.002) (0.003) (0.003)
Study group × Trait 0.044∗∗∗ 0.051∗∗∗ 0.030∗∗∗ 0.007

(0.008) (0.009) (0.011) (0.012)
Trait 0.006∗∗∗ 0.006∗∗∗ 0.007∗∗∗ 0.021∗∗∗

(0.0009) (0.0010) (0.001) (0.001)

Trait Gender Gender Gender Ethnicity

Sample All
At least
one male

At least
one female

All

Observations 86,670 70,703 58,587 86,670

Notes. Columns (1)–(3) use gender as the relevant trait: column (1) includes all pairs, column (2) restricts the sample
to pairs with at least one male, and column (3) restricts the sample to pairs with at least one female. Column (4)
uses ethnicity as the relevant trait and includes all pairs. IID standard errors are reported in parentheses. ∗p < 0.1;
∗∗p < 0.05; ∗∗∗p < 0.01.

Table A8: Male and Female Inbreeding Homophily of Lasting Friendships

Inbreeding Homophily

Overall Outside Stream Stream not group Study group

Raw Pred Raw Pred Raw Pred Raw Pred

Male 0.44 0.45 0.4 0.39 0.56 0.56 0.23 0.31
Female 0.42 0.42 0.39 0.39 0.53 0.53 0.19 0.21

Notes. “Raw” reports male and female inbreeding homophily of lasting connections computed directly from the
observed network using the definitions in Section A.7. “Pred” reports predicted inbreeding homophily implied by
columns (2) and (3) of Table A7 for male and female homophily, respectively.
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A.9 Detectable and Less Detectable Traits

Table A9: Probability of Friendship – Traits Different from Gender and Ethnicity

Link

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

Constant 0.006∗∗∗ 0.013∗∗∗ 0.012∗∗∗ 0.013∗∗∗ 0.013∗∗∗ 0.012∗∗∗

(0.0004) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
Stream 0.034∗∗∗ 0.044∗∗∗ 0.041∗∗∗ 0.041∗∗∗ 0.043∗∗∗ 0.043∗∗∗

(0.0009) (0.001) (0.001) (0.001) (0.001) (0.001)
Study group 0.219∗∗∗ 0.221∗∗∗ 0.227∗∗∗ 0.227∗∗∗ 0.216∗∗∗ 0.221∗∗∗

(0.007) (0.008) (0.009) (0.009) (0.009) (0.010)
Adjacent 0.046∗∗∗ 0.043∗∗∗ 0.050∗∗∗ 0.052∗∗∗ 0.046∗∗∗ 0.049∗∗∗

(0.005) (0.006) (0.007) (0.007) (0.006) (0.008)
Stream × Trait 0.067∗∗∗ 0.001 0.006∗∗∗ 0.006∗∗∗ 0.003 0.002

(0.004) (0.002) (0.002) (0.002) (0.002) (0.002)
Study group × Trait 0.073 -0.004 -0.013 -0.013 0.010 -0.001

(0.057) (0.016) (0.013) (0.013) (0.013) (0.013)
Adjacent × Trait 0.004 0.010 -0.006 -0.011 0.001 -0.004

(0.019) (0.010) (0.009) (0.009) (0.009) (0.010)
Trait 0.051∗∗∗ 0.004∗∗∗ 0.005∗∗∗ 0.003∗∗∗ 0.003∗∗∗ 0.004∗∗∗

(0.001) (0.0005) (0.0004) (0.0004) (0.0004) (0.0004)

Trait Region Industry Age Work Exp GMAT Income
Baseline 0.007 0.014 0.013 0.014 0.014 0.013
Observations 680,898 680,898 680,898 680,898 680,898 680,898
Cluster Pair Pair Pair Pair Pair Pair

(7) (8) (9) (10) (11) (12)

Constant 0.014∗∗∗ 0.014∗∗∗ 0.014∗∗∗ 0.014∗∗∗ 0.013∗∗∗ 0.013∗∗∗

(0.0005) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006)
Stream 0.045∗∗∗ 0.041∗∗∗ 0.044∗∗∗ 0.042∗∗∗ 0.042∗∗∗ 0.044∗∗∗

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
Study group 0.232∗∗∗ 0.226∗∗∗ 0.227∗∗∗ 0.224∗∗∗ 0.219∗∗∗ 0.203∗∗∗

(0.010) (0.010) (0.010) (0.010) (0.010) (0.009)
Adjacent 0.046∗∗∗ 0.053∗∗∗ 0.037∗∗∗ 0.039∗∗∗ 0.048∗∗∗ 0.044∗∗∗

(0.007) (0.007) (0.007) (0.006) (0.007) (0.007)
Stream × Trait -0.002 0.008∗∗∗ 0.001 0.005∗∗ 0.006∗∗∗ 0.0009

(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Study group × Trait -0.022∗ -0.015 -0.019 -0.010 -0.002 0.032∗∗

(0.013) (0.014) (0.014) (0.014) (0.014) (0.014)
Adjacent × Trait 0.002 -0.017∗ 0.015 0.012 -0.007 0.001

(0.009) (0.010) (0.010) (0.010) (0.010) (0.010)
Trait 0.001∗∗∗ 0.001∗∗ 0.0007 0.001∗∗∗ 0.002∗∗∗ 0.002∗∗∗

(0.0004) (0.0005) (0.0005) (0.0005) (0.0005) (0.0005)

Trait SEB O C E A N
Baseline 0.015 0.015 0.015 0.015 0.015 0.015
Observations 680,898 627,991 627,991 627,991 627,991 627,991
Cluster Pair Pair Pair Pair Pair Pair

Notes. RCIV estimates of exposure on friendship and friendship composition. Each specification includes survey ×
cohort fixed effects. Standard errors, clustered at the pair level, are reported in parentheses. Baseline probabilities
are the average friendship rates for pairs in different streams who do not share the corresponding trait. Specifications
(8)–(12) assess the Big Five traits: Openness, Conscientiousness, Extraversion, Agreeableness, and N euroticism.
∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01.
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In the main text, we considered gender and ethnicity. Table A9 reports estimates of the probability

of friendship using other traits. Column (1) considers region. We also consider the following

individual baseline demographics as trait variables: industry, age, years of work experience, GMAT

score, self-reported income, and socioeconomic background (SEB).

We also consider the Big Five personality traits (or the OCEAN model). This model organizes

personality traits into five dimensions: openness to experience, conscientiousness, extraversion,

agreeableness, and neuroticism. These traits are collected through the IPIP-120 questionnaire, a

set of 120 questions that assesses these five traits. This questionnaire is administered to students

as part of a core course during the first week of classes. Whenever the trait is continuous, such

as self-reported income or years of work experience, we consider a pair to share the trait if both

students are above or below the median of that variable.

Figure A2: Homophily Premium for Ethnicity and Region

Notes. Panels A and B report the homophily premium by peer group for ethnicity and region, respectively, with
95% confidence intervals. For each trait and exposure category, the premium is defined as the percentage increase in
the probability of friendship for same-trait pairs relative to different-trait pairs. The baseline probabilities (reported
under each bar) are the predicted probabilities of friendship between individuals of different ethnicities or regions
within each peer group. The underlying probabilities for ethnicity are computed from specification (3) of Table 4,
and the probabilities for region are computed from specification (1) of Table A9.
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A.10 Career, Social, Personal-Help, Close-Friendship, and Reciprocated Con-

nections

Table A10 reports the RCIV estimates of exposure on friendship and friendship composition with

respect to gender and ethnicity in different networks: the career network (columns 1 and 5), social

network (columns 2 and 6), personal-help network (columns 3 and 7), and close-friendship network

(columns 4 and 8).

Table A10: Probability of Friendship: Career, Social, Personal-Help, and Close-Friendship Net-
works

Link

Career Social
Personal
help

Close
friendship

Career Social
Personal
help

Close
friendship

(1) (2) (3) (4) (5) (6) (7) (8)

Stream 0.016∗∗∗ 0.015∗∗∗ 0.010∗∗∗ 0.012∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.013∗∗∗ 0.018∗∗∗

(0.0008) (0.0008) (0.0007) (0.0008) (0.0007) (0.0007) (0.0006) (0.0007)
Study group 0.118∗∗∗ 0.098∗∗∗ 0.075∗∗∗ 0.076∗∗∗ 0.143∗∗∗ 0.117∗∗∗ 0.092∗∗∗ 0.099∗∗∗

(0.006) (0.006) (0.005) (0.005) (0.006) (0.005) (0.005) (0.005)
Adjacent 0.033∗∗∗ 0.017∗∗∗ 0.019∗∗∗ 0.019∗∗∗ 0.034∗∗∗ 0.016∗∗∗ 0.020∗∗∗ 0.020∗∗∗

(0.004) (0.003) (0.003) (0.003) (0.004) (0.004) (0.003) (0.004)
Stream × Trait 0.023∗∗∗ 0.028∗∗∗ 0.018∗∗∗ 0.025∗∗∗ 0.036∗∗∗ 0.035∗∗∗ 0.026∗∗∗ 0.032∗∗∗

(0.002) (0.002) (0.001) (0.001) (0.003) (0.003) (0.002) (0.003)
Study group × Trait 0.067∗∗∗ 0.050∗∗∗ 0.046∗∗∗ 0.064∗∗∗ 0.018 0.008 0.019 0.026

(0.011) (0.011) (0.010) (0.011) (0.018) (0.017) (0.015) (0.017)
Adj × Trait 0.008 0.001 0.006 0.006 0.004 0.004 0.005 0.003

(0.011) (0.010) (0.009) (0.010) (0.012) (0.012) (0.011) (0.012)
Trait 0.007∗∗∗ 0.008∗∗∗ 0.005∗∗∗ 0.007∗∗∗ 0.022∗∗∗ 0.025∗∗∗ 0.018∗∗∗ 0.022∗∗∗

(0.0003) (0.0004) (0.0003) (0.0003) (0.0007) (0.0007) (0.0006) (0.0007)

Trait Gender Gender Gender Gender Ethnicity Ethnicity Ethnicity Ethnicity
Baseline 0.006 0.007 0.005 0.006 0.005 0.006 0.004 0.005
Observations 680,898 680,898 680,898 680,898 680,898 680,898 680,898 680,898

Notes. Each specification includes survey × cohort fixed effects. Standard errors clustered at the pair level are
reported in parentheses. Baseline probabilities are defined for each specification as follows: columns (1)–(4) report
the probability of friendship in the respective network for a different-gender pair outside the stream, and columns
(5)–(8) report the probability of friendship in the respective network for a different-ethnicity pair outside the stream.
∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Table A11 reports RCIV estimates of exposure on friendship and friendship composition with

respect to gender and ethnicity for reciprocated friendship. That is, in these regressions the outcome

variable for pair {i, j} in survey s is a dummy variable that equals one if i nominates j and j

nominates i in any of the sociometric questions.

Table A11: Probability of Friendship: Reciprocated Friendship

Reciprocated Link

(1) (2)

Stream 0.008∗∗∗ 0.012∗∗∗

(0.0006) (0.0005)
Study group 0.046∗∗∗ 0.060∗∗∗

(0.004) (0.004)
Adjacent 0.011∗∗∗ 0.012∗∗∗

(0.003) (0.003)
Stream × Trait 0.018∗∗∗ 0.025∗∗∗

(0.001) (0.002)
Study group × Trait 0.043∗∗∗ 0.027∗

(0.009) (0.015)
Adj × Trait 0.008 0.0005

(0.009) (0.010)
Trait 0.005∗∗∗ 0.016∗∗∗

(0.0003) (0.0006)

Trait Gender Ethnicity
Baseline 0.004 0.003
Observations 680,898 680,898

Notes. Each specification includes survey × cohort fixed effects. Standard errors clustered at the pair level are
reported in parentheses. Baseline probability is defined for each specification as follows: (1) probability of reciprocated
friendship for a different-gender pair outside the stream, (2) probability of reciprocated friendship for a different-
ethnicity pair outside the stream. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Table A12: Homophily Premium in Career, Social, Personal-Help, Close-Friendship, and Recipro-
cated Connections

Overall Career Social Personal-help Close friendship Reciprocated

Panel A: Gender
Outside stream 101.8 113.6 114.7 118.0 124.1 130.6
Stream only 128.8 137.4 168.7 168.3 183.7 203.0
Adjacent 62.5 77.5 110.6 102.5 111.8 163.0
Study group 53.9 73.5 77.0 84.4 109.2 126.5

Panel B: Ethnicity
Outside stream 402.2 450.0 450.3 502.3 469.4 511.1
Stream only 199.9 220.0 219.6 253.5 230.6 269.4
Adjacent 114.5 116.8 177.9 152.6 152.9 179.3
Study group 43.7 46.7 49.8 61.3 68.9 95.5

Notes. Entries report the homophily premium, in percent, by peer group and network type. For career, social,
personal-help, and close-friendship connections, the homophily premium is derived using the estimates in Table A10.
For reciprocated connections, the homophily premium is derived using the estimates in Table A11.

B Appendix to Section 4: Mechanisms and Decomposition

Appendix B.1 reports the survey-based validation exercises. Appendix B.2 reports the baseline

GMM estimates and decompositions. Appendices B.3 and B.3.1 report the MBA 2027 survey-

moment specifications and lasting-connection GMM exercises. Appendix B.4 reports the preference-

heterogeneity specification.
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B.1 Reduced-Form Evidence on Mechanisms from Survey Questions

Table B1: Correlation Between Same-Trait Directed Search and Same-Trait Preference for Friend-
ship

Choose Same Trait

(1) (2)

Male -0.103∗∗ 0.118∗∗

(0.047) (0.057)
Preference for same trait −
Preference for different trait

0.401∗∗∗ 0.433∗∗∗

(0.116) (0.143)

Trait Gender Region
Observations 211 117

Notes. Column (1) uses gender and column (2) uses region. The sample includes respondents to MBA 2027 Survey 2
who saw one same-trait and one different-trait profile. Both specifications control for respondent gender, respondent
region, and the sum of stated preferences for the two profiles. IID standard errors are reported in parentheses.
∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Table B2: Correlation Between Inbreeding Homophily and Same-Gender Directed Search and Same-
Gender Preference for Friendship

Inbreeding Homophily

Study group Stream not group Outside Stream

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

Choose same gender 0.037 0.115∗∗∗ 0.107∗∗∗

(0.047) (0.037) (0.032)
Preference -0.047 -0.087 -0.160

(0.158) (0.120) (0.102)
Preference ×
Same gender

0.383∗ -0.169 0.297∗∗

(0.226) (0.156) (0.143)

Observations 1,146 1,146 1,710 1,710 1,702 1,702
Cluster Individual Individual Individual Individual Individual Individual

Notes. The sample consists of respondents to MBA 2027 Survey 2. Choose same gender is a binary variable that is
1 if the respondent chooses a same-gender profile in the question intended to capture directed search. Preference is
the respondent’s reported preference in the question intended to capture preferences for same-trait interaction. Same
gender is a binary variable that is 1 if the profile presented to the respondent in the question about preference has
the same gender as the respondent. Standard errors, clustered at the individual level, are reported in parentheses.
∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

Columns (1), (3), and (5) of Table B2 show that there is a positive association between individuals

who choose the same-gender profile in the directed search question and their inbreeding homophily

outside their study group, but this association is not present within their study group. This pattern

is consistent with our hypothesis that study groups mute directed search: choosing the same-gender

profile is not associated with homophily within the study group, whereas it is positively associated

with homophily outside the study group.

Columns (2), (4), and (6) attempt to assess the external validity of the preference measure. We

regress an individual’s inbreeding homophily in a given subnetwork on the respondent’s stated like-

lihood of wanting to befriend a candidate profile and its interaction with an indicator for whether

the profile has the respondent’s same gender. Formally, each observation is a respondent–profile

pair, so each respondent contributes two observations, one for each randomized profile. The coeffi-

cient on Preference captures the association between stated preference and same-gender homophily

when the evaluated profile is of the opposite gender, while the coefficient on Preference × Same
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gender captures how that association changes when the evaluated profile is of the same gender.

Because profile characteristics are randomized, identification comes both from within-respondent

variation—comparing the same respondent’s evaluations of two different profiles—and from across-

respondent variation, since some respondents see one same-gender and one different-gender profile,

while others see two same-gender profiles. The estimates in columns (2), (4), and (6) therefore

ask whether respondents who express a stronger relative preference for same-gender profiles also

exhibit higher same-gender homophily in the observed network.

In the study-group and outside-stream subnetworks, the interaction term is positive, implying

that stronger stated preference for a same-gender profile is associated with greater same-gender

homophily when the evaluated profile is of the same gender; by contrast, the corresponding estimate

in the stream-but-not-group subnetwork is imprecise and does not show the same pattern.

B.2 GMM: Estimates and Decomposition

Table B3: GMM Estimates in the OR Network

Estimates Gender Ethnicity Region

mST 0.07∗∗∗ 0.12∗∗∗ 0.13∗∗∗

mDT 0.05∗∗∗ 0.05∗∗∗ 0.04∗∗∗

ΓST 0.57∗∗∗ 0.56∗∗∗ 0.60∗∗∗

ΓDT 0.47∗∗∗ 0.50∗∗∗ 0.53∗∗∗

Notes. The table reports GMM estimates in the core sample for the OR network based on the four moments (11)–
(14). The parameters are estimated separately for gender, ethnicity, and region using four moments: the share of
possible same-trait and different-trait links formed within Lobs

Stream, and the share of possible same-trait and different-
trait links formed within Lobs

Group. Inference uses the robust asymptotic GMM covariance matrix described in Section
4.3. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

B.3 GMM: Estimates and Decomposition in Alternative Specifications

For the MBA 2027 cohort, we also observe survey-based measures of preferences and directed-search

intensity for same-gender and same-region peers from the same stream. These additional measures

allow us to introduce two further sets of moments.

Preferences survey. Our second set of moments concerns preferences for same-trait and different-

trait friendships, which are captured in the model by the parameters ΓST and ΓDT . For the data
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analog, we define Γobs
iST to be student i’s self-reported probability, elicited in the survey, of becoming

friends with a profile that has the same trait as i. When the trait is gender, each individual faces

such a choice. However, when the trait is region, some individuals never face a profile that shares

their region. We therefore denote by N obs,Pref
ST the set of individuals for whom this variable is

observed, and let nobs,Pref
ST = |N obs,Pref

ST |. The quantities Γobs
iDT , N

obs,Pref
DT , and nobs,Pref

DT are defined

analogously. Our preference moments therefore take the form

1

nobs,Pref
ST

∑
i∈N obs,Pref

ST

Γobs
i,ST = ΓST ,

1

nobs,Pref
DT

∑
i∈N obs,Pref

DT

Γobs
i,DT = ΓDT .

(B1)

Directed search survey. Our third set of moments concerns directed search. In the model,

among students with trait value t, the relative probability of choosing a profile with trait value t is

mST /(mST +mDT ). This normalization is necessary to map the model to the data, where students

were forced to choose one of two profiles, so that the empirical probabilities add up to one. Let

N obs,Search be the set of individuals i who, in the survey, faced one profile sharing their trait and

another profile with a different trait, and let nobs,Search = |N obs,Search|. For each i ∈ N obs,Search,

denote by mobs
i,ST the probability that student i chooses the same-trait profile in the directed-search

survey question. Our search moment is thus

1

nobs,Search

∑
i∈N obs,Search

mobs
i,ST =

mST

mST +mDT
. (B2)

The directed-search moment for different-trait profiles is linearly dependent on the same-trait mo-

ment and is therefore omitted.

Table B4 provides estimates of the parameter vector θ for different sets of moment conditions.
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Table B4: GMM Estimates by Moment Specification

Gender Region

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

Parameter

mST 0.07∗∗∗ 0.05∗∗∗ 0.05∗∗∗ 0.07∗∗∗ 0.05∗∗∗ 0.24∗∗∗ 0.09∗∗∗ 0.09∗∗∗ 0.14∗∗∗ 0.10∗∗∗

mDT 0.06∗∗∗ 0.04∗∗∗ 0.04∗∗∗ 0.06∗∗∗ 0.04∗∗∗ 0.05∗∗∗ 0.03∗∗∗ 0.03∗∗∗ 0.07∗∗∗ 0.03∗∗∗

ΓST 0.57∗∗∗ 0.65∗∗∗ 0.64∗∗∗ 0.56∗∗∗ 0.64∗∗∗ 0.50∗∗∗ 0.71∗∗∗ 0.70∗∗∗ 0.61∗∗∗ 0.68∗∗∗

ΓDT 0.48∗∗∗ 0.61∗∗∗ 0.58∗∗∗ 0.50∗∗∗ 0.58∗∗∗ 0.48∗∗∗ 0.62∗∗∗ 0.61∗∗∗ 0.43∗∗∗ 0.61∗∗∗

Moment conditions used

Stream links ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Study-group links ✓ × ✓ ✓ ✓ ✓ × ✓ ✓ ✓
Preference survey × ✓ ✓ × ✓ × ✓ ✓ × ✓
Directed-search survey × ✓ ✓ ✓ × × ✓ ✓ ✓ ×

J-test 0 1.226 39.374 1.86 39.478 0 13.592 31.749 4.511 17.862
p-value NA 0.268 < 0.001 0.173 < 0.001 NA < 0.001 < 0.001 0.034 < 0.001

Notes. The table reports GMM estimates for the OR network for Survey 2 of the MBA 2027 cohort. The parameters
are estimated separately for gender and region. The moments used in each of the five specifications are listed in the
lower panel. Inference uses the robust asymptotic GMM covariance matrix described in Section 4.3. ∗p < 0.1;∗∗ p <
0.05;∗∗∗ p < 0.01.

Table B5: Gender and Region Decomposition by Moment Specification

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

Channel Contribution % Contribution % Contribution % Contribution % Contribution %

Gender

Club peer composition 0.003 1.3 0.003 1.4 0.003 1.4 0.003 1.3 0.003 1.4
[0.003, 0.003] [1.1, 1.6] [0.003, 0.003] [1.1, 1.7] [0.003, 0.003] [1.1, 1.7] [0.003, 0.003] [1.0, 1.6] [0.003, 0.003] [1.1, 1.7]

Preferences 0.165 74.0 0.054 25.4 0.087 39.7 0.117 51.1 0.086 39.1
[0.079, 0.250] [34.7, 113.2] [0.019, 0.089] [10.3, 40.6] [0.055, 0.119] [26.1, 53.0] [0.066, 0.168] [32.0, 70.3] [0.048, 0.124] [20.9, 57.3]

Directed search 0.055 24.7 0.156 73.2 0.129 58.9 0.109 47.6 0.131 59.5
[−0.036, 0.146] [−14.6, 64.1] [0.112, 0.200] [58.0, 88.3] [0.088, 0.171] [45.6, 72.6] [0.061, 0.156] [28.4, 66.6] [0.075, 0.187] [41.2, 77.8]

Total 0.223 100.0 0.213 100.0 0.219 100.0 0.229 100.0 0.220 100.0

Region

Club peer composition 0.000 0.0 0.000 0.0 0.000 0.0 0.000 0.0 0.000 0.0
[−0.000,−0.000] [−0.1,−0.1] [−0.000,−0.000] [−0.1,−0.1] [−0.000,−0.000] [−0.1,−0.1] [−0.000,−0.000] [−0.1,−0.1] [−0.000,−0.000] [−0.1,−0.1]

Preferences 0.012 3.6 0.056 18.3 0.060 19.9 0.155 47.3 0.041 12.4
[−0.112, 0.137] [−33.6, 41.2] [0.039, 0.074] [13.1, 24.0] [0.043, 0.078] [14.4, 25.4] [0.097, 0.213] [31.7, 62.9] [0.022, 0.061] [6.5, 18.5]

Directed search 0.321 96.4 0.250 81.7 0.242 80.1 0.173 52.7 0.290 87.6
[0.194, 0.447] [58.9, 133.7] [0.218, 0.281] [76.1, 87.0] [0.211, 0.273] [74.7, 85.7] [0.124, 0.223] [37.2, 68.5] [0.250, 0.329] [81.6, 93.6]

Total 0.333 100.0 0.306 100.0 0.302 100.0 0.328 100.0 0.331 100.0

Moment conditions used

Stream links ✓ ✓ ✓ ✓ ✓
Study-group links ✓ × ✓ ✓ ✓
Preference survey × ✓ ✓ × ✓
Directed-search survey × ✓ ✓ ✓ ×

Notes. The table decomposes model-implied gender and region inbreeding homophily in the OR network for Survey
2 of the MBA 2027 cohort. Contributions are measured incrementally as in Table 10. Percentage contributions are
computed by dividing each channel’s contribution by total model-implied homophily. 95% confidence intervals for
the channel rows are reported in brackets below the corresponding estimates. These intervals are computed by the
delta method, treating each reported decomposition quantity as a function of the four estimated GMM parameters
and using the full two-step GMM covariance matrix. The final panel reports the moment conditions used in each
specification.
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B.3.1 GMM for Lasting Connections: Estimates and Decomposition

Table B6: GMM Estimates for Lasting Connections

Estimates Gender Ethnicity Region

mST 0.10∗∗∗ 0.17∗∗∗ 0.14∗∗

mDT 0.04∗∗∗ 0.05∗∗∗ 0.05∗∗∗

ΓST 0.41∗∗∗ 0.39∗∗∗ 0.48∗∗∗

ΓDT 0.32∗∗∗ 0.37∗∗∗ 0.36∗∗∗

Notes. The table reports GMM estimates in the core sample for lasting connections based on the four moments
(11)–(14). The parameters are estimated separately for gender, ethnicity, and region using four moments: the share of
possible same-trait and different-trait links formed within Lobs

Stream, and the share of possible same-trait and different-
trait links formed within Lobs

Group. The sample includes the MBA 2025 and MBA 2026 cohorts. Lasting connections
are defined as friendships present in survey 2 and remaining through the last observed survey. Inference uses the
robust asymptotic GMM covariance matrix described in Section 4.3. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

Table B7: Decomposition of Inbreeding Homophily: Lasting Connections

Gender Ethnicity Region

Channel Contribution % Contribution % Contribution %

Club peer composition 0.002 0.4 0.001 0.3 0.003 0.7
[0.002, 0.002] [0.3, 0.4] [0.001, 0.001] [0.2, 0.3] [0.002, 0.003] [0.6, 0.7]

Preferences 0.226 41.5 0.020 6.5 0.118 29.4
[0.091, 0.361] [16.5, 66.7] [−0.075, 0.115] [−24.2, 37.1] [−0.074, 0.311] [−18.7, 77.7]

Directed search 0.316 58.1 0.289 93.2 0.280 69.8
[0.172, 0.459] [33.0, 83.1] [0.186, 0.392] [62.7, 123.9] [0.082, 0.478] [21.6, 118.1]

Total 0.544 100.0 0.310 100.0 0.401 100.0

Notes. The table decomposes model-implied inbreeding homophily for lasting connections into the contributions of
club peer composition, preferences, and directed search. Contributions are measured as the incremental effect of each
channel on inbreeding homophily. Percentage contributions are computed by dividing each channel’s contribution
by total model-implied homophily. 95% confidence intervals for the channel rows are reported in brackets below the
corresponding estimates. These intervals are computed by the delta method, treating each reported decomposition
quantity as a function of the four estimated GMM parameters and using the full two-step GMM covariance matrix.
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B.4 GMM: Preference Heterogeneity Without Matching Frictions

In this section, we replace Assumption 1 with the following assumption.

Assumption 2. We assume that

Γij =



ΓStream
ST if ij ∈ Lobs

Stream and ti = tj ,

ΓStream
DT if ij ∈ Lobs

Stream and ti ̸= tj ,

ΓGroup
ST if ij ∈ Lobs

Group and ti = tj ,

ΓGroup
DT if ij ∈ Lobs

Group and ti ̸= tj ,

and that mij = 1 for all ij.

In this specification, we estimate θ = {ΓStream
ST ,ΓStream

DT ,ΓGroup
ST ,ΓGroup

DT } using GMM in the core

sample by matching the degree moments within the stream and the study group. Let nobs
Stream =

|Lobs
Stream| and nobs

Group = |Lobs
Group| denote the cardinalities of the stream and study-group pair sets,

respectively. These moments are:

1

nobs
Stream

∑
ij∈Lobs

Stream

Y obs
ij 1{ti = tj} =

1

nobs
Stream

∑
ij∈Lobs

Stream

(
ΓStream
ST

)2
1

nobs
Stream

∑
ij∈Lobs

Stream

Y obs
ij 1{ti ̸= tj} =

1

nobs
Stream

∑
ij∈Lobs

Stream

(
ΓStream
DT

)2
,

1

nobs
Group

∑
ij∈Lobs

Group

Y obs
ij 1{ti = tj} =

1

nobs
Group

∑
ij∈Lobs

Group

(
ΓGroup
ST

)2

1

nobs
Group

∑
ij∈Lobs

Group

Y obs
ij 1{ti ̸= tj} =

1

nobs
Group

∑
ij∈Lobs

Group

(
ΓGroup
DT

)2
.

(B3)
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Table B8: GMM Estimates of Preference Heterogeneity Between Study-Group and Stream Friend-
ships

OR network Lasting connections

Gender Region Gender Region

ΓStream
ST 0.28∗∗∗ 0.39∗∗∗ 0.25∗∗∗ 0.34∗∗∗

ΓStream
DT 0.20∗∗∗ 0.20∗∗∗ 0.14∗∗∗ 0.16∗∗∗

ΓGroup
ST 0.57∗∗∗ 0.60∗∗∗ 0.41∗∗∗ 0.48∗∗∗

ΓGroup
DT 0.47∗∗∗ 0.53∗∗∗ 0.32∗∗∗ 0.36∗∗∗

Preference Premium within Stream 44.0% 92.5% 82.9% 116.8%
Preference Premium within Group 20.9% 12.2% 25.6% 31.7%

Notes. The table reports GMM estimates for the core sample of preference heterogeneity between study-group and
stream friendships using the four moments in (B3). The parameters are estimated separately for gender and region.
The sample for the OR network includes the MBA 2025, MBA 2026, and MBA 2027 cohorts. The sample for lasting
connections includes the MBA 2025 and MBA 2026 cohorts. Inference uses the robust asymptotic GMM covariance
matrix described in Section 4.3. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

C Survey Appendix

This appendix reports the survey materials in three parts: connection questions, socioeconomic

background, and directed search and preferences.

Connection Questions

Figure C1: Connection Nominations: Instructions for Naming MBA Cohort Peers
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Figure C2: Career-Network Nomination Question
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Figure C3: Social-Network Nomination Question
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Figure C4: Personal-Help-Network Nomination Question
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Figure C5: Close-Friendship Nomination Question
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Socioeconomic Background

Figure C6: Socioeconomic-Background Ladder Question Relative to the MBA Cohort
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Directed Search and Preferences

Figure C7: Directed-Search Scenario and Profile-Choice Question
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Figure C8: Preference Question: Likelihood of Wanting to Become Friends After Repeated Inter-
action
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