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Abstract

How does segregation influence social learning? On one hand, if one group has information that is
beneficial to another, segregation may harm learning by preventing information flow. On the other hand,
if individuals learn better from in-group members, segregation may increase learning. Using a model of
network formation and social learning, we formalize these tensions into two hypotheses. To test them, we
design a social learning game for groups of 6 players and implement it in ethnically segregated schools
in Macedonia. In the computer game, 3 students of 2 distinct ethnicities need to guess an unknown
binary state of the world. The game manipulates the parameters of the model: private initial signals, the
network on which players observe each other, and bias, by randomizing the number of high-bias players
in the 6-person group. Experimental results provide evidence for the theoretical hypotheses. First, we
find evidence that bias decreases the cost of segregation. In low-bias groups, students learn more in the
integrated networks than in the segregated networks, avoiding echo chambers, but the same is not true
in the high-bias groups. Second, integration leads to more learning than segregation in games in which
one ethnicity gets mostly incorrect signals and the other ethnicity that gets mostly correct signals. To
go beyond the lab, we fit our model to the experimental data and find that students are 45% more biased
against different-ethnicity players than same-ethnicity players. We combine these bias estimates with
data on real-life social networks, and characterize conditions under which a counterfactual policy of one
integrated classroom per cohort would increase social learning in the high schools.
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1 Introduction

Segregation within a population – whether driven by explicitly segregationist policy or individuals’ prefer-

ences – is ubiquitous in societies around the world. How does segregation influence social learning? On

one hand, if one group has information that is beneficial to another, segregation may harm social learning

by restricting access to useful information. Indeed, conventional wisdom from the theoretical literature sug-

gests that segregation can slow information spread or create echo chambers1. On the other hand, segregation

typically delineates groups with different identities – be it class, race, ethnicity, or even gender – and identity

may play a role in how individuals learn from each other2. If individuals learn better from similar people,

segregation may have the opposite effect and improve social learning.

This question can have important policy implications. In Macedonia, an armed ethnic conflict in 2001 de-

escalated with a peace agreement that extended rights to minorities, including native language education

at all levels. Now, students of different ethnicities go to the same schools, but are segregated into different

classrooms native language. Native language instruction might be desirable: it gives cultural recognition to

minority groups and may increase human capital through better access to education. However, such parallel

institutions have resulted in chronic segregation in the high schools we study: about 55% do not know any

student of a different ethnicity, and about 96% of all reported friendships are within the same ethnicity. In part

to address these issues, policymakers have talked about opening an integrated high school track in English3.

Social networks can be very powerful in shaping student outcomes, so when policymakers make decisions

to segregate or integrate, how might this affect social learning?

How segregation affects social learning is a notoriously difficult question to study empirically. First, observed

relationships do not just capture avenues of social influence, but also pre-existing similarities between indi-

viduals4. Then, it could be commonalities among the individuals, rather than social influence, that cause
1A few seminal studies that seem to agree on this point are Acemoglu et al., 2011, Golub and Jackson, 2012, Chandrasekhar

et al., 2020
2Distinction as a social force has long been recorded and studied across the social sciences. Anthropologist Gregory Bateson

documents schismogenesis – the proclivity of groups to act in ways that are opposite of different groups – as early as 1936 (Bateson,
1958). In sociology, Bourdieu’s Distinction has become a classic about this phenomenon, in which he documents how tastes diverge
across groups divided by class Bourdieu, 1984). In recent work in economics, Conlon et al., n.d. find that wives adopt information
from husbands, but not vice versa.

3In conversation with the Mayor of the town our study is based in, he said that the Municipality is exploring the policy with the
Ministry of Education.

4For example, neighborhoods or classrooms may present opportunities to meet and form social ties. Individuals also tend to
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similarities in observed behavior, an issue known as the correlated effects problem5. Second, groups may

have asymmetric preferences, such that the “true state of the world” is different for different groups6, and

researchers may not know to what degree that is the case.

To address these two core difficulties, we combine a theoretical model with a lab-in-the-field experiment to

study this question. This offers three core advantages. First, the model conceptualizes segregation and social

learning, and generates testable hypotheses for the experiment. In the network formation stage of the model,

segregation grows as same-ethnicity links become more common than different-ethnicity links, holding fixed

the average number of links7. In the social learning stage, agents get noisy random signals, and then learn

from their network links by taking a weighted average of all observed network actions. The groups have

correlated priors if one group has a more correct initial signal than the other in expectation8. This model

generates two hypotheses: 1) bias decreases the costs of segregation on learning, and 2) the correlation of

priors increases the costs of segregation on learning.

The second advantage of our approach is that the model informs the design of the experiment. We designed a

computer game that manipulates parameters of the model to test the theoretical hypotheses while also dealing

with the two core empirical issues outlined above. The game “Red or Blue” is played by a group of 6 students

– 3 students from 2 distinct ethnicities. In this game there are two bags, a red bag (with 4 red balls and 2

blue balls) and a blue bag (with 4 blue balls and 2 red balls). The computer picks one bag at random, and

the goal of the game is to guess whether the chosen bag is red or blue. Once the bag is chosen, each player

randomly gets one of the 6 balls in the bag as a “private signal”. Thus, 4 students get a correct signal and 2

students get an incorrect signal about the true color. In the first round, the players see their ball and make a

guess. In subsequent rounds, the players observe each other on a social network. Each player can see their

own previous-round guess and the previous-round guesses of their network neighbors, after which they guess

again.9 If students pick the correct color in the last round of the game they get a cash reward, otherwise they

form relationships with those who are similar to them.
5See Bramoullé et al., 2020 on the correlated effects problem in the identification of peer effects, and common solutions to it.
6For example, it would be a mistake to interpret the observation that Albanians don’t eat pork as a failure of social learning from

Macedonians; rather, Albanians and Macedonians have different religious prescriptions that imply different utility from eating pork.
7This holds constant the overall density of the network, which could weakly increase learning under the model, and instead

focuses on how the identity of the individuals across the links matters. Intuitively, segregation arises from “rewiring links” rather
than adding or removing links in the network.

8This creates an environment in which one ethnicity can stand to learn from the other. Agents do not know ex ante the precision
of the initial signal.

9The computer shows the players’ guesses as they were actually realized in the previous round, and players do not communicate
their guess to other players, precluding lying.
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get nothing. The game repeats for 3 to 5 rounds, stopping randomly to avoid end-of-experiment effects; each

sextet plays 12 games.

We find that learning increases by 9% on average across games. This means that the number of players who

correctly guess the color of the bag increases from 4 at the onset of the game (those who get the correct

signal) to about 4.54 players who correctly guess at the end of the game. However, there is a large hetero-

geneity across games. The modal outcome is perfect learning – in about 45.3% of the games all six players

correctly guess the color. Yet, in almost 28% of all games we observe “mislearning”, such that 3 or fewer

players correctly guess the color – an outcome worse if everyone just followed their own signal without ob-

serving others. These disparate outcomes motivate our treatment arms in the experiment, which manipulate

parameters of the model in order to empirically test the theoretical hypotheses.

First, we induce random segregation by varying the observation network during each game. Figure 2 repre-

sents the Segregated and Integrated treatments. Segregation is varied by fixing the amount of information

available to players, but changing the ethnic identity of the individuals that are observed. Second, we vary

the correlation of signals. Since four out of six players get a correct signal, how these are distributed across

ethnicities can help us vary the correlation of priors. The Uncorrelated priors arm consists of games in which

both ethnicities have the same prior information: 2 players get a correct signal and 1 player gets an incorrect

signal. The Correlated priors arm consists of games in which one ethnic group needs to learn from the other:

one ethnicity gets 2 incorrect and 1 correct signal, while the second receives 3 correct signals. Third, we

manipulate bias at group-level by randomizing the types of players that compose the group. Specifically, in

our baseline survey, only about half of the participants report a cross-ethnic friendship, which we use as a

proxy for low bias. By randomizing group members we ensure that some groups have less biased players

than other groups by chance. A median split on this group-level variable helps us manipulate bias: High bias

groups are those in which 3 or fewer students have a friend from a different ethnicity, while the Low bias

groups are those in which 4 or more students have a friend from a different ethnicity. This design addresses

the empirical problems associated with our question. By randomizing the network structure and the initial

signals, we deal with the correlated effects problem since we eliminate the possibility that any common char-

acteristics drive initial actions and preclude endogenous selection of peers. Additionally, students across

ethnicities show similar preferences for red and blue, alleviating concerns about asymmetric preferences.
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To test the two hypotheses, we compare learning across different treatment conditions. First, we find support

for the hypothesis that bias decreases the cost of segregation. We find that in the low-bias groups, players

learn the true color more often overall. In low-bias groups, integrated networks lead to more learning than the

segregated networks, but the same is not true in high-bias groups. Most importantly, we can reject the null

hypothesis that bias increases the cost of segregation at the 10% significance level, leading us to conclude

that our experimental data is consistent with the first hypothesis. This result suggests that the benefits of

integration critically depend on the types of individuals in the network. A limitation of this manipulation

of bias is that it may be confounded. For example, it may be that students with cross-ethnic friends are

more trusting generally, and that this trust interacts with the treatment instead. In exploratory analyses, we

show that our result is unlikely to be driven by general trustworthiness or cognitive skills. Second, we also

find evidence for the second hypothesis that correlated priors increase the cost of segregation. In games

with correlated priors, integration leads to more learning than segregation, while the same is not the case

for games with uncorrelated priors. Again, we are able to reject the null hypothesis that correlated priors

decrease the cost of segregation at the 10% significance level, leading us to conclude that the experimental

data is also consistent with the second hypothesis. These results imply nuanced effects of segregation: it can

be harmful if ethnic groups need to learn from one another, but beneficial if groups are sufficiently biased

against one another.

The third advantage of connecting a model and a lab experiment, is that we can go beyond the lab game and

ask how learning changes if policymakers integrate classrooms. To do this we combine the bias estimates

from the experiment with data on real-life social networks in the high schools. Inspired by conversations with

local policymakers, we consider a counterfactual policy in which schools integrate one classroom per cohort.

Using a model of network formation, in which linking decisions depend on ethnicity and classroom, we

generate counterfactual social networks under this policy, and compare learning between the status-quo and

the counterfactual networks. In the simulations on the counterfactual networks we use two bias distributions.

The first one is the estimated parameter from the lab game, assuming integration does not interact with bias.

However, students may decrease their bias once they are integrated, as a large literature on inter-group contact

suggests (Pettigrew, 1998, Mousa, 2020, Lowe, 2021). Indeed, in a separate study in the same high schools,

we find that cooperative integration reduces bias by 0.19 standard deviations (Anisfeld and Pandiloski, 2024).

Therefore, we also consider learning in the counterfactual networks under the assumption that integration
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decreases bias by 0.19 standard deviations, as suggested by Anisfeld and Pandiloski, 2024.

Our bias estimation results suggest that individuals discount others’ actions regardless of ethnicity. We es-

timate same-ethnicity bias of about 0.6 on average, meaning that players weigh actions of same-ethnicity

players about 0.4 as much as they value their own individual action10. However, participants have a bias

of 0.87 toward members of different ethnicities, meaning that they value their action 0.13 as much as they

value their own action – 45% increase from the same-ethnicity bias. In the counterfactual simulations, we

find that the benefits of integrating one classroom per cohort depend on the distribution of initial actions. If

ethnic groups have the uncorrelated priors, forming an integrated classroom decreases social learning, since

students are more biased against different-ethnicity individuals. This gap is only marginally repaired under

the assumption that integration lowers bias in the integrated classrooms. However, if the groups interact with

correlated priors, integration can increase learning over the status-quo networks. This is because the inte-

grated classrooms creates opportunities for cross-ethnic ties, that allows useful information to travel across

the ethnic clusters in the network. Importantly however, this benefit of integration happens only if sufficiently

small fraction of individuals in the population take the correct initial action.

Our study contributes to at least two broad strands of literature. A large empirical literature studies social

learning across domains11. While the empirical literature has considered how identity might shape social

learning (e.g. Munshi, 2004, Miller and Mobarak, n.d., Bayer et al., 2008, Conlon et al., n.d.), the question

of how network structure interacts with identity has eluded empirical treatment. It may be important to

study social learning in a network of individuals, since networks allow to capture spillovers and group-level

dynamics, while paired learning designs may fail to account for the emergent properties of segregation and

networked learning. To the best of our knowledge, we are the first to empirically study how identity and

segregation interact in social learning on networks.

There is also a large theoretical literature in economics that studies social learning in networks (see Golub

and Sadler, n.d. for a review), and some papers have even studied how segregation might affect learning
10Interestingly, this estimate is similar to other estimates in the literature: both Mobius et al., 2015 and Conlon et al., 2022 find

similar weights of 0.4, even though they have very different empirical strategies and populations of interest.
11Examples include the spread of agricultural technology (Conley and Udry, 2010, Foster and Rosenzweig, 1995), take up of

insurance (Cai et al., 2015) and microfinance (Banerjee et al., 2013), financial decisions (Bursztyn et al., 2014), spread of health
products (Kremer and Miguel, 2007, Dupas, 2014, Oster and Thornton, 2012), retirement savings (Duflo and Saez, 2002, Duflo and
Saez, 2003), job referrals (Granovetter, 1983, L. A. Beaman, 2012, L. Beaman and Magruder, 2012, Goel and Lang, 2019, Bayer
et al., 2008, Bayer et al., 2008, Damm, 2009), voting behavior (Lazarsfeld et al., 1944, Zelizer, 2019), and crime (Glaeser et al.,
1996)
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(e.g. Golub and Jackson, 2012, Chandrasekhar et al., 2020, Acemoglu et al., 2014). This literature has

mainly focused on network structure, but bias in updating has received less attention. In real life however,

segregation delineates different identities, and individuals may be biased against other groups. In Section

2, we extend the model of Golub and Jackson, 2012 to allow for agents to discount players with different

identity. In this extended model, we show how both segregation (extensive margin network links) as well as

bias (intensive margin network links) shape social learning. Our study also represents a step to bridge the

empirical and theoretical studies of social learning, a gap that has been flagged by previous work (Mobius

and Rosenblat, 2014). In our study, there is a correspondence between the model and the lab game, which

allows us not only to test model-implied hypotheses, but also to estimate relevant parameters in the model

and conduct counterfactual simulations on real-life networks.

The second literature that we contribute to is on identity and political economy. Both conformism12 and

in-group bias13 have been documented in many domains. Little is knows about conformism and in-group

bias in the process of social learning however. We add to this literature by quantifying the extent to which

individuals conform to in-group and out-group members, and by documenting in-group bias in the process

of social learning. Finally, a large literature has focused on inter-group contact (see Pettigrew, 1998 for

a review), and recent experimental work integrates groups in cooperative tasks to improve cohesion (e.g.

Corno et al., 2022, Lowe, 2021, Mousa, 2020). Little is known about how such interventions might shape

social learning. Our second contribution to the political economy literature is to characterize environments

in which contact between groups may lead to higher social learning than the status quo. We show that

integration may be more optimal for social learning if the individuals have low learning bias or if one group

has better information then the other.

The paper proceeds as follows. Section 2 introduces the model and generates theoretical hypotheses. Section

3 details the local context in Macedonia, while Section 4 the study design and data. Section 5 tests the hy-

potheses, Section 6 structurally estimates the bias in the experiment, and Section 7 presents the counterfactual

policy simulations. Section 8 concludes and outlines next steps.
12Conformism has been studied in assessment and attitudes (e.g. Mackie et al., 1990, Morgan et al., 2012), mimicry (Gump and

Kulik, 1997, Schalk et al., 2011), preferences (e.g. Benjamin et al., 2010), and education (e.g. Bursztyn and Jensen, 2015, Bursztyn
et al., 2019), among other domains

13In-group bias has been studied in economic allocations (e.g. Tajfel et al., 1971, Leider et al., 2009, Chen et al., 2010), trust and
cooperation (e.g. Falk and Zehnder, 2013, Charness et al., 2007), education (e.g. Fisman et al., 2018, Kramon and Posner, 2016
productivity (e.g. Bandiera et al., n.d., Marx et al., n.d.), and public policy (Bar and Zussman, 2020, Burgess et al., 2015).
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2 Model and hypotheses

Network formation

The network formation unfolds first in the model. Consider a population of agents N = {1, 2, ..., n}, such

that each individual i has one of two types: ki ∈ {1, 2}. Each type is represented equally in the population14.

The agents are connected in a social network described by an n × n symmetric adjacency matrix G ∈

{0, 1, 1 − b}n×n. If agents i and j are not connected in the network, then Gij = 0; if they are connected

and belong to the same group (ki = kj) then Gij = 1; if they are connected and belong to different groups

ki ̸= kj then Gij = 1− b, where b ∈ [0, 1).15 The parameter b here captures bias, and allows the tie across

different groups to be “weaker” – the larger the bias the weaker the tie. The strength of the link will come

into play in the social learning stage later.

Each possible pair ij meets once16, and at this meeting, they form a link with probability:

P(ij form a link ) =


ps if ki = kj

pd if ki ̸= kj

(1)

We treat G(n, b, ps, pd) as a random object and G as the realization of the random process. Since we want to

explore consequences of segregation, we focus on networks in which links within each group are at least as

likely as links across groups: ps ≥ pd > 0. Conceptually we think of segregation as being captured by ratio

ps/pd, holding fixed the average number of links in expectation. If ps/pd = 1 then there is no segregation,

and links across groups are as common as links within groups; the larger ps/pd is, the more segregated the

networks are. Note that this definition corresponds to a “rewiring” of the network.17

The network formation model is often referred to as the stochastic block model and belongs to one of the
14We take n to be even, and focus on the 2 group case to most simply convey the intuitions. Extensions to m groups of arbitrary

sizes nm are straightforward.
15If b=1 then the networks are behaving as completely separate islands and is an uninteresting edge case that we exclude here.
16For simplicity in the analyses, we treat self-links ii as any other link. The results don’t change if we impose Gii = 0 or Gii = 1

in either the simulations or the results on asymptotic learning.
17We do not consider a model of segregation, in which segregation goes down if we add more cross-group links. In this case, the

model predicts more learning because there is more access to information, which is a trivial and uninteresting case. This definition
also conflates measurements of segregation with overall density in the network.
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most widespread family of models in the literature.18 The advantage of this modelling approach is that it is

simple and tractable, while capturing differential linking across groups that is essential to our analysis19.

Social learning

Once the network is formed, at t = 0, each agent i receives a private binary signal ωi ∈ {−1, 1} such that:

P(ωi is correct) =


s1 if ki = 1

s2 if ki = 2

(2)

with s1, s2 ∈ [0, 1]. While the precision of the signal can be different by group, most individuals in the

network receive the correct signal, i.e. s1+s2
2 > 0.5. The different precision of the signals allows us to

conceptually distinguish when priors are correlated. Intuitively, if group 1 has a stronger signal than group

2, i.e. s1 > s2, then individuals from group 2 can stand to learn from individuals from group 1, since they

have better information on average. We call such priors correlated: holding fixed average precision ( s1+s2
2 ),

the larger |s1 − s2|, the stronger the correlation.

At the end of period t = 0, each agent’s action is simply their private signal, resulting in an initial vector

of actions a(0) = ω. In each period thereafter, agents play a myopic coordination game with their network

neighbors. In this game, agents get utilities from coordinating with the actions with other people around them,

because that is how they learn about the true state of the world, but they also have preferences for distinction,

that is, disutility from taking the same action with an individual from a different group. Formally, agents’

utilities are:

ui = −

 1

di

∑
j:ki=kj

|ai − aj |+
1− b

di

∑
j:ki ̸=kj

|ai − aj |

 (3)

18For example, the seminal model by Erdős and Rényi, 1959 is a special case of our model, in which ps = pd and all agents are
of the same type; the latent space model pioneered by Hoff et al., 2002, is a generalization, in which each agents has their own type,
captured by a coordinate in a multi-dimensional space, and linking probabilities to all other agents decrease with distance between
pairs of agents. These models are known as conditionally independent dyad (CID) models, since each pair links independently of any
other pairs, and have found myriad applications in economics and beyond. Chandrasekhar, 2016 is a great review of these models
and their use in economics and beyond.

19A limitation of conditionally-independent dyad models is that they tend to fall short in generating the rate of clustering observed
in real social networks. Real-world networks exhibit a lot of “triangles”: if agent i is linked to agent j, and agent j is linked to agent k,
then a link between i and k is more likely. Since links are formed independently, they cannot match the clustering that characterizes
real-world networks. While clustering may have important implications on learning patterns, delving deeper into these caveats is
beyond the scope of this paper.
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where di =
∑

j Gij . One way to view the bias parameter b, is as as a preference for distinction, a disutility

from taking the same action as someone from a different group. Distinction as a social force has long been

recorded and studied across the social sciences. Anthropologist Gregory Bateson documents schismogenesis

– the proclivity of groups to act in ways that are opposite of different groups – as early as 1936 (Bateson,

1958). In sociology, Bourdieu’s Distinction has become a classic about this phenomenon, in which he doc-

uments how tastes diverge across groups divided by class (Bourdieu, 1984). Conceptually, we think of bias

as captured by the parameter b, and measuring the discounting of the actions of individuals from different

groups.20

Before characterizing the best-reply dynamics to this game, define an n × n updating matrix T(G) with

characteristic entry

Tij =
Gij∑
iGij

(4)

i.e. T is a row-normalized version of the adjacency matrix G that represents the network. Then, the social

learning rule for t ≥ 1 that arises as a best-reply to the coordination game with utilities in (3) is:

a(t) = sgn [T(G)a(t− 1)] (5)

where sgn is the signum function that is applied element-wise; this returns 1 if the element is positive, -1 if

the element is negative, and the previous-period action if the element is zero. That is, for a typical agent i

this updating rule implies a weighted average of previous-period actions ai(t) = sgn
[∑

j Tij(G)aj(t− 1)
]
.

Importantly, the weighted average is proportional to the weights of the links in the network G; this means

that the larger the bias parameter b, the more agents discount the actions of individuals from different groups.

This social learning model is often called the DeGroot model and has a long history – see French Jr., 1956,

Harary, 1959, DeGroot, 1974 for the earliest formulations of the rule, and Golub and Sadler, 2016 and

Jackson, 2008 for great reviews of this model and its relation to economics. We favor this model for two

main reasons. First, there is growing empirical evidence that Bayesian learning is not a good predictor of

real life behavior, and that the DeGroot model may do a better job (Massey and Wu, 2005, Weizsäcker, 2010,
20In our model, we move b and segregation ps, pd independently, so the results we present here may not extend to cases when

bias and segregation are dependent, for example, if integration lowers bias.
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Chandrasekhar et al., 2020).21 Second, this model has a natural interpretation of the parameters, and we

can use it to estimate the bias b. The model is also computationally tractable in large real-life networks, and

facilitates simulations and counterfactual excesses that are of interest to our study.

Hypotheses

To formalize testable hypotheses, we are interested in how the effects of segregation ps/pd on social learning

might be shaped by 1) bias b and 2) the correlation of priors |s1 − s2|. The simulation algorithm is detailed

in the Algorithm 1 box below. The inputs for the algorithm are population size n, probability of same-type

and different-type links ps, pd, precision of priors for each group s1, s2, bias b, number of updating rounds

L, and number of iterations for each parameter set I . The simulations process mirrors the model: first, we

generate random networks, then, we seed random priors, and finally play out learning using the DeGroot

updating process. The outcome of interest is the fraction of agents that learn the true state of the world.

Algorithm 1 Theoretical Simulations of Social Learning
1: Inputs: {n, ps, pd, b, s1, s2, L, I}
2: for i ∈ {1, 2, ..., I} do
3: Generate a random network G(n, b, ps, pd) as described in (1)
4: Generate random vector of initial beliefs ω(s1, s2) as described in (2)
5: Generate an updating matrix T(G(n, b, ps, pd)) as described in (3)
6: Assign a(0) = ω, and calculate learning vector at period L recursively as a(L) = sgn[Ta(L− 1)]

7: Calculate network-level learning for iteration i as ai = 1′a(L)
n

8: Store (i, ai)
9: end for

10: Calculate average learning over iterations a =
∑

i≤I ai
I

11: Store the mapping (n, ps, pd, b, s1, s2, L) → a

We set I = 1000, L = 20. In general, these parameters should be as large as possible for the law of large

numbers to kick in (in the case of I) or learning to stabilize (in the case of L). We find that these choices

yield stable estimates.22

21Massey and Wu, 2005 show that players sometimes under- or over-value the signals of other in isolated ball-and-urn lab game,
something that is not consistent with rational Bayesian learning. Weizsäcker, 2010 conducts a meta-analysis of 13 studies on social
learning, concluding that agents systematically contradict Bayesian predictions. Chandrasekhar et al., 2020 conduct an experiment
designed to adjudicate between Bayesian and DeGroot learning types, and find stronger evidence for DeGroot-type learning. In a
future iteration of the paper, we will attempt to adapt the insights from Chandrasekhar et al., 2020 to directly test in our context
whether our participants behave more like DeGroot or Bayesian learners.

22Though note that in the case of discrete learning, there may not be convergence in beliefs. Consider if there is an isolated link
ij who only copy each other, and assume that ai(0) = −1, aj(0) = 1. Then under this model i and j will keep alternating their
guesses. In practice, we see that the fraction of agents who correctly guess the state of the world converges “globally”, though
sometimes there are “local” oscillations depending on the specific network structure.
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Since b ∈ [0, 1], we explore a grid of possible bias values b = {0, 0.25, 0.5, 0.75, 1}. We vary segregation

through ps, pd such that we fix degree (expected number of links per node), while varying the ratio ps
pd

. Specif-

ically, for a given degree d, we consider the grid: (ps, pd) ∈
{(

u
(u+2)nd,

1
(u+2)nd

)
: u ∈ N, 1 ≤ u ≤ 10

}
.

For example, when u = 1 then ps/pd = 1 and there is no segregation since probability of linking is the

same, as u increases, the networks get more segregated.

We set average precision of the initial signal as 2
3 . In general, the larger this is the more learning overall, and

vice versa. For large enough or small enough precision, we create a corner case in which there is perfect or

no learning. In these cases, segregation, bias, and correlated priors do not matter and the patterns “collapse”.

We chose an overall precision of 2/3 in relation to expected degree (to avoid the corner cases), and in a way

that best illustrates the relationship between segregation, bias, and priors. Given the average precision, we

consider a grid of signalling schedules: (s1, s2) ∈
{
(23 ,

2
3), (

2
3 − 0.1, 23 + 0.1), (23 − 0.2, 23 + 0.2), (13 , 1)

}
.

In our main simulation results we set n = 100, d = 5. In Appendix A.2 we explore how the main simulation

results change as we varyn and d. The appendix simulations show that the main patterns remain unchanged.23

In Figure 1 we present the main results of the simulations. On the x-axis we plot segregation, captured

by ps/pd, which ranges from 1 to 10. On the y-axis the fraction of individuals who learn the true state of

the world (output a from Algorithm 1), averaged over iterations. In Panel A we explore how bias interacts

with learning, such that each of the 5 lines plotted represents a different level of bias (darker colors mean

larger bias). On the left, we plot the relationship between segregation and learning when each ethnicity has

correlated priors; on the right, we plot the same relationship, but for uncorrelated priors. In Panel B the x-

and y-axis remain unchanged, however here we explore how correlated interact with segregation. Each line

represents a different schedule of signals, with darker lines denoting higher correlation. On the left side, we

consider a case with high bias, and on the right a case with low bias.

First, we can notice that bias shifts learning down. In Panel B, we can notice that the relationship between

segregation and learning depends on the correlation of priors. For low correlation (similar information across

groups) we can notice that the relationship between segregation and learning is positive, even under small

bias. As the correlation grows, and one group can stand to learn from the other, the relationship flips and

becomes negative – segregation harms learning because it prevents useful information from flowing.
23Though for some parameters, the patterns exhibit “corner cases”, like when agents have many links and always learn the true

state. In these cases, the interactions between bias, segregation, and information disappear.
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To fix ideas, consider the “benefits of integration” (or equivalently, the “cost of segregation”) measured as

∆a = a(I) − a(S), for some S > I on the x-axis; this captures how much more learning there is under

integration vs. segregation. What happens to ∆a as bias increases? Visually inspecting Figure 1 Panel A, we

see first that larger bias shifts learning curves down. Furthermore, we can see that for any two biases bh > bs,

the following holds: ∆a(bh) ≤ ∆a(bs): bias either decreases the benefits of integration (under correlated

priors), or increases the cost of integration (under uncorrelated priors). This motivates our first hypothesis:

Hypothesis 1. Higher bias decreases overall learning and decreases the benefits of integration on social

learning.

Social learning is maximized when agents incorporate more information from others around them. If agents

are biased against those others, learning decreases. When an agent has a finite number of links that convey

information, learning is maximized if the bias on those links is minimized.

Next, how do the benefits of integration ∆a change as priors become more correlated? Visually inspecting

Figure 1 Panel B, we can see that increasing the correlation of priors shifts learning down, but increases the

benefits of integration, eventually making integration more optimal. This motivates the second hypothesis.

Hypothesis 2. Higher correlation of priors decreases overall learning and increases the benefits of integra-

tion on learning.

The intuition here is simple too. The more correlated the priors, the more one group is dependent on the other

to learn. As this correlation increases, the benefits that accrue to integration because it facilitates information

flow outweigh the cost of integration due to bias, eventually making the relationship between integration and

learning positive.

In Appendix A.1, we present an extension of the model in Golub and Jackson, 2012, a seminal paper that

studies how segregation harms learning. While our modelling strategy mirrors their, there are three key

differences. They consider asymptotic learning, such that the society grows infinite, and use continuous

updating with uncountable set of actions. These two features allow for tractable theoretical treatment of this

question. Importantly, in their their model there is no bias (b = 0). The main result of Golub and Jackson

shows that the larger the second eigenvalue of the adjacency matrix of the social network, the slower the

13



learning. In their model, the second eigenvalue captures segregation in the network, so the interpretation is

that segregation slows learning. In the extended model where b ≥ 0, we show that the second eigenvalue is a

function of both segregation and bias, introducing some nuance in the interpretation of this seminal finding.

Furthermore, we also show how the asymptotic learning case does not generate our hypotheses, as it cannot

induce the trade-offs that arise in finite networks. For example, while our simulations show that segregation

can improve learning under high enough bias, such conclusion is not possible in the asymptotic case, where

agents’ network links grow to infinity.

3 Background and context

Our setting is Macedonia, a small but diverse country in the heart of the Balkan peninsula. Macedonians,

Albanians, Turks, and other ethnic groups have lived in this region together for hundreds of years. Nation-

ally, Macedonians are the majority, with about 60% of the population, followed by Albanians who compose

about 25%, and Turks which come at 4%; however, in the municipality in which we conducted our research,

Albanians are the majority, followed by Macedonians and Turks. We conduct our game in 3 multi-ethnic

high schools in one municipality.

Between the end of World War II and 1991, Macedonia was a composite republic of communist Yugoslavia.

During this time, Albanians had limited access to political participation and little cultural rights. These

policies of exclusion continued well into the 1990s, during the early years of independent Macedonia. Cycles

of Albanian protests and Macedonian-majority government suppression of these protests escalated into an

armed conflict between Albanian militia and Macedonian forces in 2001. This conflict in Macedonia was

resolved with the Ohrid Agreement, which granted minorities more political and cultural rights, including

education in their native languages at all levels.

In the inter-ethnic high schools that serve as the setting of our study, the effects of this agreement are ap-

parent. Albanians, Macedonians, and Turks, go to the same schools, but are all segregated into different

classrooms, which instruct in the three local languages. Students have fixed classrooms, such that different

subject teachers rotate to a fixed group of students in a fixed room. Often, different ethnic groups are orga-

nized in different shifts, and even when they are integrated within the same shift, often have different wings in
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the schools assigned to them. Therefore, different ethnicities have few opportunities to interact. Our baseline

network survey shows the extent of segregation. About 55% of students do not know any peers of a different

ethnicity, and only 3.9% of all network links are across individuals of different ethnicities (Table 2).

We have some evidence that students prefer real-life advice from individuals from the same ethnicity. In a

survey we asked students to what extent they are likely to heed some advice to visit a new cafe, to buy a cheap

and good laptop, or to a apply for a talent scholarship. In each of these three questions, we presented the

advice-giver as a random name that signals a specific ethnic group. In all three questions, students express

higher likelihood to learn from others when those others share their ethnicity.24 Naturally, these answers

are confounded by other factors, such as different beliefs, asymmetric preferences, or experimenter demand

effects.

Our paper is motivated by this segregated environment to ask how this social structure, priors, and inter-ethnic

bias can shape learning. The Mayor has talked about a prospective policy of creating integrated English-

language classrooms in the high schools, and that they are negotiating this policy with the Ministry. If a

classroom in each cohort is integrated are integrated, how might this policy change social learning through

shifts in the social network? Our study is partly motivated by this question, and in Section 7 we conduct

counterfactual exercises in which we examine how social learning might change under this policy.

4 Study design and data

Study design

We conducted the lab game in 3 inter-ethnic high schools in Macedonia, and participation in the study was

open to all students during recruitment. To recruit students, local enumerators fluent in the students’ native

language went to their classrooms and presented the opportunity to participate in the study. The enumerators

then helped students fill an assent form, after which their parent received an automatic email with a link to fill

in parental consent online. To avoid experimenter demand effects and reduce self-selection into the study, we
24All three questions were asked on a 7-point Likert scale, from strongly disagree (1) to strongly agree (7). We observe preferences

for same ethnicity advice-give in cafe visits (5.31 vs. 5.09), laptop buying (5.16 vs. 4.97), and scholarship application (5.31 vs.
5.11), though none of the differences are statistically significant.
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framed the study around friendship and social learning. The consent language stated: “We are conducting

a study to understand how students make friends and learn about educational opportunities. Participation

includes answering questions and participating in games. As part of the study, you may have the opportunity

to participate in free tutoring/school enrichment in English.”

The lab game is a variation of a ball-in-urn problem we developed for the study. In the lab game, a randomly

composed group of 6 students – 3 students from 2 distinct ethnicities – play a learning game called “Red or

Blue”. For example, in some sessions, groups were composed of 3 Macedonians and 3 Albanians, in others

3 Albanians and 3 Turks, etc. A summary statistics of participants is presented in Table 1. We built a custom

platform for playing this game25. The platform allowed us to set-up sessions with a specific composition

of players, distribute URL links to 6 participants, and simultaneously allowed them to play the game. The

platform also facilitates the randomization as described below. We conducted 95 sessions with unique 6-

student groups.

During each session, a pair of two facilitators, one from each ethnicity represented in the group, facilitated

the process. The facilitators were teachers from the school who were hired and trained according to a protocol

for conducting the sessions. Prior to each session, we loaded the list of randomly chosen students into our

game platform. Session facilitators were only given a session ID, which included unique URL links for each

student in that session. The facilitators then distributed these URL links to each participant accordingly. The

sessions happened with the students in the same room playing simultaneously, and students could use either

a computer or a smartphone, both of which are compatible with our platform.

In case of a participant no-show, the facilitators were provided with two randomly chosen reserve players,

one from each ethnicity. If a reserve player joined the session, the field team coordinators created a session

on the platform with the new player composition, and gave the facilitators the new session ID and URL links.

In case the reserve players were also unavailable, the session was rescheduled. To ensure compliance on

sessions composition, we asked participants before the game about their birth month and year, and compared

that report with their birthday report at registration. We find that 96.03% of participants have a perfect match

on both their birth month and year reported at registration and during the session, suggesting high compliance

on the random session composition.
25The python-based platform is available on GitHub here: https://github.com/prijatelilab/PrijateliTree
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At the beginning of each session, the participants watched an animated video in their native language that

explains the rules of the game; the English language version of the video is available on this Youtube link26.

During the video, participants are told that there are two bags, a red bag (with 4 red balls and 2 blue balls)

and a blue bag (with 4 blue balls and 2 red balls). The computer picks one bag at random, and the goal of the

game is to guess the correct color of the chosen bag. To help them guess, the computer randomly distributes

one ball from the bag to each of the 6 students. Thus, 4 students get a correct signal and 2 students get an

incorrect signal about the true state of the world. In the first round the students can see their ball and guess the

color of the bag. In subsequent rounds, each player sees their own guess from the previous round, along with

the guesses that two or three other players made in the previous round. Students observe the actual guess of

their peers on the computer, shutting down the possibility of cheating. After observing this, each participant

makes a guess in the current round. In each round, students who respond quickly will wait until everyone

submits their guess to proceed in the next round, such that all guesses are aggregated and shown appropriately

to the participants. To maximize comprehension, we also included a board-game-style visualized rule card

in the session, and allowed students to play two practice games to get familiar with the process. We discard

data from the practice games in all our analyses.

During the sessions, participants are only allowed to watch their screens and communication about the game

is strictly forbidden. If students break this rule, the facilitator is responsible to disqualify them, though this

did not happen in practice and teachers report little talking27. The game repeats for 3 to 5 rounds, stopping

randomly to avoid end-of-experiment effects. The students are incentivized to guess the correct color: if

they pick the correct color in the last round of the game they get a cash reward, otherwise they get nothing.

Every 250 points are worth 50 MKD (0.9 USD). Points sum over the games, and students win rewards for

all collected points. On average, each game win paid 27 MKD (or about 0.45 USD). To put this in context,

with 3 wins out of the 12 games, a student has a little bit more money than is needed for a coffee in a typical

coffee shop. Students earn on average 211 MKD. Each group plays 12 games during the session.

The lab game incorporates a randomization design that varies the three parameters in the model, and helps

us test the hypotheses. First, we randomize the network structure on which the 6 students can observe each

other. Figure 2 shows the Segregated and Integrated treatments. Students are represented by nodes and ob-
26https://www.youtube.com/watch?v=h4S1J68MifE
2751% say there was no talking at all, and 93% of facilitators rank the amount of student talking to be 3 or less on a 1-6 scale.

When asked whether the talking was explicitly about the game and broke the rules, and received only 2 reported instances.
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servations by links (each link denotes bidirectional observation). Distinct ethnicities are denoted by different

colors/shapes. Across the two networks, we hold fixed the number of links for each network position (degree

distribution is fixed), while varying the identity of the observed player. Therefore, the amount of informa-

tion available to players is in expectation the same, but the identity of the observed individuals changes. We

administer this manipulation at the game level, and each arm is selected with 50% likelihood. To ensure

comparability we also randomize each players network position across games.

It is important to note that under no bias, where each observed information is given equal weight, the model

predicts that the integrated treatment should lead to more learning than the segregated treatment. Under

the model, the average learning in the integrated network over all possible initial signals is 91%, while the

average learning in the segregated network is 80%. This is because the segregated network is more prone to

create echo chambers: if one ethnicity gets 2 incorrect and 1 correct signals in the network, the model predicts

that each cluster averages to a different action and perpetually gets stuck there. This happens with smaller

likelihood in the integrated network since information can flow more easily among players. Therefore, the

experiment induces an overall environment in which integration is optimal if students have no bias.

Second, in each game we also randomize initial signals to the players. Since 4 out of 6 players get a correct

signal, how these signals are distributed across ethnicities varies the correlation of priors. The uncorrelated

priors arm are the games in which both ethnicities have the same information, i.e. each group recieves 2

correct and 1 incorrect signals. In the correlated priors arm, one ethnicity will receive 3 correct signals,

while the other ethnicity will have 2 incorrect signals and 1 correct; in this random treatment the second

ethnicity can stand to learn from the first. This treatment varied at the game level. Since we distribute

signals randomly, there are 6 possible schedules of signals that belong in the correlated priors arm, and 9

possible schedules that are in the uncorrelated priors arm. Therefore, the first treatment is administered with

40% likelihood and the second with 60% likelihood.

Lastly, we induce random manipulation of bias by randomly composing the groups and inducing a variation

in the “types” of players. Specifically, we administered a network survey in which students report friendships

to other students in their school. Only about half of participants report a cross-ethnic friendship. We use this

variation in pre-existing individual integration as a proxy for bias. Since groups are randomly formed, some

groups have more players with cross-ethnic friends than other groups by chance. This measure of group-level
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integration varies between 0 (if no players in the group have a cross-ethnic friend), to 6 (if all players in the

group have a cross-ethnic friend). We split the groups by the median, resulting in about 60% groups that

have 3 or fewer players with a cross-ethnic friend, and 40% of groups that have 4 or more players with a

cross-ethnic friend. The former constitute the high bias groups while the latter the low bias groups28.

This manipulation of bias comes with a limitation however. While the composition of players is random,

whether one has cross-ethnic friends can be correlated with other characteristics. For example, if having

more cross-ethnic friendships is also associated with higher general trust, it may be trust rather than lower

bias that matters. In the results below, we unpack what other observables are associated with having a cross-

ethnic friend, and rule out some competing explanations.

The lab game has two core advantages. First, it addresses the empirical problems associated with studying our

question. By randomizing network structure and initial signals, we deal with the correlated effects problem,

since we eliminate common characteristics driving initial actions as well as endogenous selection of peers

that can confound estimates. Additionally, students in our sample show similar preferences for the colors,

alleviating concerns about asymmetric preferences. The average percentages of pressing Red-Blue are 54%-

46% for Albanians, 54.4%-45.6% for Macedonians, and 54.75%-45.25% for Turks. The second advantage

of the game is that it mirrors our model. This allows for a clear mapping between model-implied hypotheses

and empirical tests. Additionally, we can use the model to estimate the bias parameter from the observed

data. This allows us to combine these parameter estimates with data on real-world networks of the high

school students, and simulate learning in the real world.

Data

We use several administrative and original data sources in our analyses. First, we administered a baseline

survey before the games.29 Beyond a standard demographic module, the baseline survey included:

1. An inter-group preferences module including 1) 4 incentivized dictator games in which students play
28In a second manipulation of bias, we randomly revealed student names (signalling ethnicity) or anonymized shown guesses (e.g.

“Peer 1”). Once we collect all the data, we will analyze these arms and include the results in future drafts.
29The baseline survey happened before the games for 99.6% of the participants with only one exception to the protocol. The

baseline survey commenced in January 2024 and we have surveyed about 820 students, or about 93% of our sample.
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against anonymous peers who speak their own mother tongue (in-group) and a different mother tongue

(out-group), and 2) an Inclusion of Others in Self psychometric question (Aron et al., 1992) for each

local ethnicity.

2. A language module, in which students list and rank, in order of fluency, Macedonian, Albanian, Turk-

ish, and English; for English, and languages they say they speak, we also ask detailed questions about

fluency and exposure.

3. A parent module, with questions on occupation, age, and highest level of education.

4. A module on attitudes including own ambitions for education, general trust, and life satisfaction.

5. A social networks module containing several types of questions. In the ones pertinent to this study, we

ask students to list up to 6 peers in four types of ties: close friends (clique), peers they go to for school

help, peers they go to to get information, and cross-ethnic friends. We aggregate all four questions to

construct school-cohort level networks, and present network statistics in Table 2.

Our main data source is the online game platform which we built and designed with custom features to fit our

needs. This platform exports complete data about all features and interactions during each game: an ID to

link participants from sessions to other data, data about the game including all the random treatments (true

color, signals, treatment conditions, network positions, etc) and each participant’s action in each round. The

sessions began in April 2024 and were finalized in December 2024.

We complement the game data with three short Qualtrics surveys that are embedded in the gaming platform.

When the students open the platform, they start with pre-game survey. This survey includes the animated

explainer about the game, simple tips about playing the game, asks participants to confirm their birthdays,

and gives them a few questions to check comprehension. Then the students continue to play the game on

the platform. After they complete 2 practice and 12 official rounds, the platform connects them to a second,

post-game survey. In this survey students answer a few questions about their game strategies and beliefs

during the game play, and gives them random questions about real-world advice-taking. We repeat a subset

of the comprehension questions to check for game comprehension after the game. After the second survey,

the students are free to go. The third survey comes from the sessions facilitators. After each session, the

facilitators submit a survey in which they indicate whether students broke communication rules during the
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session, the degree to which each student seemed to understand the game, and the degree to which each

student seemed to enjoy the play.

5 Testing the hypotheses

How much learning is there?

We find that on average, games end with 4.54 of the 6 players guessing correctly. Since the game starts with 4

correct and 2 incorrect signals, this means that the fraction of agents who correctly guess goes from 66.66%

to 75.66%, an increase of 9%. Moreover, there is considerable heterogeneity across games. Figure 3 plots the

histogram of the number of agents who correctly guess in the last round. The modal outcome of the games

is perfect learning: all six players guess correctly in 45.3% of the games! Yet, almost 28% of all games end

in mislearning: fewer than 4 players guess the color correctly. This outcome is worse than if players guessed

in isolation and followed only their private signal. This heterogeneity in outcomes motivates our analyses:

when are agents more likely to end in a world of perfect learning, rather than in the world of mislearning?

Testing Hypothesis 1: Bias, Integration, and Learning

Recall that Hypothesis 1 stated that bias lowers learning and decreases the benefits of integration. Specifi-

cally, we want to test that:

L(HighBias) ≤ L(LowBias) (6)

L(HighBias, Int.)− L(HighBias, Seg.) ≤ L(LowBias, Int.)− L(LowBias, Seg.) (7)

whereL() represents average learning under the condition within the brackets. To test these two implications,

we focus on network-level learning in the last round of each game, which varies from 0 to 1. As detailed in

Section 4, we compare groups in which 3 or fewer students have at least one friend from a different ethnicity

(High bias) with groups in which 4 or more students have at least one friend from a different ethnicity (Low

bias). This represents a below-above median split with respect to our bias proxy, which we manipulate at the
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session-level by randomly composing the group of 6 players.

Figure 4 plots the raw means associated with the inequalities (6) and (7). To test the implication in (6) we

plot the means by bias in Panel A. Panel B gets at claim (7) by splitting the means by bias and segregation.

Visually inspecting Figure 4 it seems that the means are consistent with the model predictions. To formally

test the hypothesis, we run the following regressions:

Learningig = β0 + βHHighi +Xi + σi + ϵig (8)

Learningig = β0 + βHSHighXSegig + βLILowXIntig + βLSLowXSegig +Xi + σi + ϵig (9)

where the subscript i denotes session and subscript g game; High (Low) are dummies that take the value of

1 when the group in the session have below-median (above-median) cross-ethnic friends; and Seg (Int) are

dummies that take the value of 1 when the game is played on a segregated (integrated) network. The regres-

sions also add fixed effects Xi for school-by-grade randomization strata, and ethnic pairing (Macedonian-

Albanian, Albanian-Turkish, and Turkish-Macedonian). We cluster standard errors at the session-level, which

is the largest level of randomization in our design. Essentially, the regression in (8) maps onto Figure 4 Panel

A, while the regression in (9) on Panel B, but they allow us to make more precise estimates as we can control

for randomization strata and correct standard errors.

Table 3 shows the results of these regressions. We take a standard hypothesis testing approach to test the

model implications. Specifically we test:

H0 : θ > 0

HA : θ ≤ 0 (10)

where θ = βH in the regression in (8), while θ = βLS − βLI − βHS in the regression in (9). Below each

regression in Table 3, we present the estimated θ and the p−value associated with the one sided hypothesis

test that the observed data is generated under the null. As predicted by the model, all the estimated θ have a

negative sign. Moreover, we can reject the null that the observed data is generated under the null consistently

at the 10% level. We conclude that the observed behavior in the experiment is consistent with the theory:

higher bias reduces learning, and decreases the benefits of integration. This result also highlights that the
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benefits of integration can critically depend on the characteristics of the individuals being integrated.

It is important to note that this result does not have a causal interpretation: we cannot conclude that making

a cross-ethnic friend makes one learn better in integrated networks. Rather, our interpretation is that there

are heterogeneous effects of integration by type. We think of each individual as having a type defined by

their bias, as proxied by cross-ethnic friendships. We contend that whether integration or segregation are

better depends on the bias-type of the student. Still, it may be that other characteristics interact with the

integration treatment. For example, if students with cross-ethnic friends also have higher trust, it may be

that we are capturing a trust interaction. In Table 5 we unpack what is in the type we capture. We find that

having a cross-ethnic friend is related to lower in-group bias in a Dictator game, speaking local languages

better, and perceiving other local ethnicities as closer on the Inclusions of Other in self metric. These are all

characteristics that we expect from someone with prior interaction with other ethnicities, consistent with the

type we are trying to delineate.

The table also suggests that we can reject at least two competing explanations for our results. First, indi-

viduals with cross-ethnic friends are not more trusting generally; on the contrary, they show lower levels of

generalized trust, though this relationship is not significant. Therefore, the optimality of integration over

segregation for the low bias types cannot be explained by trust. Second, we see that having a cross-ethnic

friend is associated with having less educated parents, lower educational ambitions, and lower GPA. To the

extent that these capture cognitive abilities, we can reject the alternative explanation that cognitive skills lead

to better learning in integrated networks.

Testing Hypothesis 2: Correlated Priors, Integration, and Learning

We take an analogous approach to testing Hypothesis 2. Hypothesis 2 suggested that correlated priors lower

learning, and increase the benefit of integration. Specifically, we want to test that:

L(CorrPri) ≤ L(UncorrPri) (11)

L(UncorrPri, Int.)− L(UncorrPri, Seg.) ≤ L(CorrPri, Int.)− L(CorrPri, Seg.) (12)
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Figure 5 plots the means associated with the two parts of Hypothesis 2 stated above – splitting learning by

whether priors are correlated or uncorrelated in Panel A, and then additionally by integrated vs. segregated

in Panel B. We put these raw means into the analogous regression forms:

Learningig = β0 + βCCorig +Xi + σi + ϵig (13)

Learningig = β0 + βCSCorXSegig + βCICorXIntig + βUIUncorXIntig +Xi + σi + ϵig(14)

where Cor (Uncor) are dummy variables that equal 1 when the game has correlated (uncorrelated) priors,

and Int (Seg) are dummies that are 1 when the game has we include the same fixed effects in Xi and again

cluster at the session level. Table 4 shows the output of these regressions. We take the same approach of

testing the one-sided null hypothesis as in (10). In this case, we want to set θ = βC in the regression in (13),

while θ = βUI + βCS − βCI in the regression in (14).

Below each model in Table 4 we present the estimated θ and the p-value associated with the one sided

hypothesis test that the observed data is produced under the null. Again, as predicted by the theory, all

estimated θ are negative. While we do not find statistically significant evidence for the first part of the claim

that correlated priors reduce learning, we do find statistically significant evidence at the 10% level for the

claim that correlated priors increase the benefits of integration.

Overall, our formal tests show that the data behaves consistently with the hypotheses, and that this is generally

statistically significant at the 10% level. These empirical findings confirm the theoretical intuitions and imply

a nuanced effect of integration. First, integration is better when groups have correlated priors, such that one

group has to learn from the other. Second, the benefits of integration fall as player bias increases, so the

characters.

6 Estimating bias

One advantage of the correpondence between the model and the lab game, is that we can use the experiment

to estimate the bias preference. In this section, we fit the DeGroot learning model to the experimental data

to estimate players’ bias, as captured by the model parameter b. Let ω ∈ {−1, 1}6 be a 6×1 vector of initial
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signals, such that each entry ωi corresponds to the random signal that player i gets. In the bias estimation,

we plug in the randomly distributed signals ω as the initial actions of the players. Without loss of generality,

we code the true state of the world as 1, while the false state as −1.

We also randomize the networks of observation as in Figure 2. Let G ∈ R6 ×R6 be the matrix representing

the social network administered randomly in the lab. We parametrize the bias by allowing each link to be

represented by Gij ∈ {0, 1 − bs, 1 − bd, 1}. Here, the link is valued 0 if ij cannot observe each other in

the game, we normalize the value of self links Gii to 1, and 1 − bs, 1 − bd represent the links to same and

different-ethnicity players respectively. The bias toward players of same- and different-ethnicities is captured

by bs, bd respectively; the higher this bias, the less players value the information of others from that group,

relative to their own information. We impose the network and signals in the lab game, but students apply the

bias. Our goal in this chapter is to estimate that bias as captured by (bs, bd). Note that here we depart slightly

from the model in Section 2, and we allow individuals to have bias against everyone, including members of

their own ethnicity. We normalize own-bias to 0, and estimate the bias against others relative to own bias.30

This is appropriate since there is some empirical evidence that individuals discount everyone’s information

relative to their own (e.g. Conlon et al., 2022), so here we focus on how that discounting may differ toward

individuals of the same- vs. different-ethnicities.

Point identification may not be possible under this model. To illustrate, if the bias one assigns to others is

greater than 2
3 , then because agents observe at most 3 other players, they will always follow their own signal

and not learn from others. Therefore, any bias between 2
3 and 1 are empirically indistinguishable. This is a

problem in general since any bias between (d−1
d , 1], with d being the highest number of network links, are

observationally equivalent. Therefore we must rely on set identification to retrieve bias estimates. In a future

iterations of this paper we wish to formally explore set identification of the bias in the model. In this version,

we rely on a data-driven process to retrieve a distribution F (bs, bd) of most likely biases that the participants

apply during the game. We do this by using an approach that captures the bias parameters that minimize the

distance between data moments and model moments.

More formally, let mdata ∈ {−1, 1}gri be a gri × 1 vector of data moments that capture behavior in the
30A key assumption in this parametrization is that the ratio of other to own bias is constant across players, regardless of how many

players they observe or the identity of these players. More formally, holding ki, kj constant, we assume that Gij/Gii is the same
for all i and j.
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lab game. Here, g denotes the number of games in the data of interest, r denotes the number of rounds in

the game, and i denotes each of the six players playing the game. Each element in this vector, for example

mdata
gri represents the observed action that player i took in game g and round r. On the other hand, let

mmodel(b) ∈ Rgri be the analogous vector of model moments that are implied by the model parameters

b = (bs, bd). More specifically, given parameters (bs, bd), a typical element of the moment vector is:

mmodel
g,r,i ((bs, bd)) = θ

Yg,r−1,i + (1− bs)
∑
j∈Nis

Yg,r−1,j + (1− bd)
∑

k∈Nid

Yg,r−1,k

 (15)

with θ =
1

1 + |Nis|(1− bs) + |Nid|(1− bd)
(16)

where Nis and Nid are the sets of same-ethnicity and different ethnicity players that i observes respectively,

and |Nis|, |Nid| denote the carnality of each set respectively; θ essentially normalizes the weighted average

such that our assumption of row-normalized matrix with identical slopes holds. This is the weighted average

updating rule analogous to the DeGroot model described in Section 2.

In our estimation procedure, we wish to retrieve the bias estimates that make the model-implied actions most

consistent with the observed data. Therefore, for a given set of proposal biases, we define a criterion function

c(bs, bd) that captures the distance between the model and the data as follows:

c(bs, bd) = e′(bs, bd)e(bs, bd) (17)

where

e(bs, bd) = mmodel(bs, bd)−mdata (18)

Our estimation algorithm is formally detailed in the Algorithm 2 box below. To retrieve a distribution

F (bs, bd) of biases that minimize the criterion, we first calculate the criterion function on a discrete grid

of possible biases. This results in a surface of criterion values for each pair of biases from the grid. Then,

we select the set of biases that are equal to or smaller than some percentile value of all the criterion values,

therefore selecting the biases that best predict the data. Once these pairs of biases and their associated cri-

terion values are selected, we convert them into a distribution, such that the probability of each pair of bias

pair is proportional to the inverse criterion. Thus, the bias parameters that achieve smaller criterion are more

likely under this distribution.
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Algorithm 2 Estimation of Bias Parameters Distribution
1: for (bs, bd) ∈ X2 do
2: Calculate set of criterion values c(bs, bd) and store the biases and criterion values
3: Calculate the qth percentile of all criterion values and define it as cq,X2

4: Keep the subset of biases Y ⊂ X2 such that ∀(b′s, b′d) ∈ Y : c(b′s, b
′
d) ≤ cp,X2

5: end for
6: for (bs, bd) ∈ Y do
7: Define the probability of each pair of bias as p(bs, bd) = c−1(bs,bd)∑

(bs,bd)∈Y c−1(bs,bd)

8: Store (bs, bd) and p((bs, bd)) into a probability distribution F (bs, bd).
9: end for

10: return F (bs, bd)

In our estimation we set X to be a discrete set of 50 equidistant points on the line [0, 1], i.e. search for optimal

bias parameter on a 50 × 50 grid on the [0, 1]2 set. Additionally, we set q = 2, therefore, we select the 2%

of biases that minimize the criterion the most31.

Figure 6 visualizes the results of this estimation algorithm. We estimate the bias using only the named

treatment arms, when ethnicity is salient to the participants. In Panel A, we plot the criterion function for

all pairs in the grid of biases, i.e. the outcome of step 2 in our algorithm. It is noticeable that there are

clear delineated regions with uniform performance – hinting at the idea that there are sets of biases which

are observationally equivalent. It is interesting to note that the shaded regions intersect at 1/k points where

k ∈ {0, 1, 2, 3}, which is the amount of people (from a given ethnicity) a player observes. This illustrates

how features of the experiment design – how many individuals one observes – delineates the regions that are

observationally equivalent, and constrains point identification.

Panel B in Figure 6 plots the estimated distribution F (bs, bd). Specifically, here we plot the 2% of bias

parameters that minimize the criterion function. Darker shades denote higher probability, which as detailed in

the algorithm, is proportional to the criterion. The criterion plot suggests a conjecture that a likely candidate

for the set of biases consistent with the observed data may lie on the line defined by the points bs = 1
2 , bd = 1

and bs =
2
3 , bd = 2

3 . Using a more formal set-identification estimation approach is one of the key ways this

paper can be improved.

Table 6 presents the means and variances of the estimated distribution F (bs, bd). We estimated this distri-
31Ideally, we’d like to get as tight of a set of possible biases as possible by setting the percentage to be as small as possible. The

2% is somewhat arbitrary, though we tried other cutoffs and they yield qualitatively similar results.
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bution pooling all data. We see that the bias toward individuals of the same ethnicity is about 0.6. This

means that players put 0.4 as much weight on the actions of players from their own ethnicity, as much as

they put on their own actions. This estimate is similar in magnitude to other estimates from the literature.

For example, Mobius et al., 2015 and Conlon et al., 2022 both find similar weights, even though they have

very different empirical approaches and subject populations. We see a substantial increase in bias against

the other ethnicity, estimating a bias of 0.87, a 45% increase. This means that on average players value the

actions of individuals from other ethnicities 0.13 times as much as they value their own action.

7 How does integrating classrooms change social learning?

The Mayor of the Municipality in which we conducted our study has talked about proposals to open an

integrated English-language classrooms, and that they are discussing this policy with the Ministry of Educa-

tion. In this section, we use model-based counterfactuals to formally explore the implications of this policy.

Needless to say that our estimates in this section rely on modelling assumptions and abstractions from com-

plexities in real life. To the extent that such complexities may be important, our estimates should be taken

less as precise predictions, and more as suggestive implications. In other settings, policymakers can conduct

similar exercises under different assumptions that are appropriate in the given context to inform how social

learning can change as a consequence of shifts in the social networks.

To conduct the counterfactuals we need three ingredients: 1) bias, 2) initial signals, and 3) counterfactual

social networks. For the bias we consider the estimated distribution F (bs, bd) from the previous section to

inform how agents learn from each other. However, students may decrease their bias once they are integrated

(Pettigrew, 1998, Mousa, 2020, Lowe, 2021). We find the same result in a separate study, in which we find

that playing cooperative video games can decrease bias, measured through a Dictator Game and a Willingness

to Pay for same-ethnicity partner. We find that mixed pairs of players decrease their bias by 0.19 standard

deviations compared to same-ethnicity pairs (Anisfeld and Pandiloski, 2024). In the counterfactual networks

we therefore consider two bias regimes: one in which bias remains unchanged under integration, i.e. using

F (bs, bd) from the previous section, and another in which bias shifts by 0.19 standard deviations, i.e. F ′(bs−

0.19σbs , bd − 0.19σbd) = F (bs, bd).
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Second, we need prior signals, including an average precision (what fraction of agents get correct signals) as

well as the distribution of these signals (how are the correct signals distributed across ethnicities). For the

average precision, i.e. the fraction of agents who have a true prior, we use use a grid of 10 equidistant points

in the range P(ω = 1) ∈ [0.5, 1]. For a given average precision we also consider two possible schedules of

distribution. Under uncorrelated priors priors, each ethnic group gets the same precision, such that everyone

has the same quality of information regardless of ethnicity. Under correlated priors we distribute the signals

unevenly, comparing Albanians on one end with Macedonians and Turks on the other, since the number

of Albanians is usually similar to the number of Macedonians and Turks combined. While signals may be

unevenly distributed in many ways, focusing on two similarly sized groups allows for simple manipulation and

keeps things consistent with the rest of the paper. We set group-level precision as follows. First, we identify

whether the number of Albanians or Macedonians and Turks is smaller. The smaller group gets a correct

signal with certainty (i.e. everyone has a correct prior), while the larger group gets the rest of the correct

signals (if they exist) such that the ethnicity-level average precision adds up to the corresponding precision

at the network level. To illustrate, suppose there are 30 Albanians, 20 Macedonians, and 15 Turks in one

cohort network, and suppose that 0.7 of all agents in the network get the correct signal. Under uncorrelated

priors, each ethnicity has a precision of 0.7; under correlated priors, Albanians get a precision of 1, while

the Macedonians and Turks get a precision of 0.4428.

Third, we need a way to construct counterfactual networks. We expand the stochastic block model from Sec-

tion 2 by allowing that linking probabilities depend not only on ethnicity, but also on classroom assignments.

Specifically, we imagine that the network is formed such that each pair meets once and a link forms with one

of the following probabilities: p ∈ {p1s, p0s, p1d, p0d}. The subscript here denotes same- or different-ethnicity,

while the superscript is coded as 1 if the pair of students are from the same classroom, and 0 if they are from

different classrooms. So, if a pair that meets is of the same ethnicity and is in the same classroom, they link

with probability p1s, if they are of different ethnicity and different classrooms, p0d.

As we detail in Section 4, during our baseline survey, we elicited data on social ties from our participants,

yielding 12 real-life networks, one for each school-grade level.32 Using this data on possible and realized

links, we can directly estimate p1s, p0s, p0d. To construct counterfactual networks we need an assumption about
32In this section, we define a link between individuals i and j if either i or j listed the other person in at least one of the social

survey questions (clique, cross ethnic friends, school help, information). In Table 2, we present summary statistics for the real-life
networks.
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what p1d may be after classrooms are integrated, as we do not observed in the data. To retrieve this quantity,

we assume that the ratios of own-to-different classroom linking probabilities are the same across ethnicity:

p1s
p0s

=
p1d
p0d

=⇒ p1d = p0d
p1s
p0s

(19)

Finally, we need to specify how the classrooms are assigned in the world of the counterfactual policy. We do

this by adding an additional classroom in each cohort, and then assign students in our sample to this classroom

with independent probability 1/c where c is the total number of classrooms in that cohort. Therefore, the

classroom in expectation reflects the ratios of ethnicities in the cohort.

Equipped with an estimation of bias, a range of initial signals, as well as counterfactual networks, we can

play out the evolution of learning with the model. Our main outcome in this section is the fraction of agents

who guess the correct state of the world at round t = 10 of the social learning process. Let learning at

the school-cohort level sc as lsc =
∑

i∈Nsc
1[i guessed correctly at t=10]

Nsc
. For each network, we run 1000 iterations

within which we pick random bias point from the estimated distribution, and generate a random networks

(if using the model). Then, we average over iterations, yielding lsc, which we average again across networks

L = 1
12

∑
sc lsc.

In Figure 7 we present the results of the counterfactual exercises. On the x-axis we plot the initial beliefs and

on the y-axis we plot the average change in learningL relative to the initial true actions. Few patterns emerge.

First, we can see an inverse-U shape of change in learning as a function of initial fraction of true actions.

Second, when each ethnicity has the same information, integrating a classroom decreaes social learning.

This is not surprising, since the students in the mixed classrooms are linking with different-ethnicity student

(who they are more biased against), rather than the same-ethnicity students (who they would’ve learned

more from). We see that if integration decreases bias by 0.19 standard deviations, learning improves under

the counterfactual networks, but a large gap still remains. Third, looking at the changes in learning under

correlated priors we notice an interesting trend. When the initial correct actions are high, the curves have

the similar pattern as under uncorrelated priors. However, for low enough initial true actions, we see that the

integrated counterfactual networks outperform the segregated status quo networks. Wen true information

is scarce on the aggregate, and students stand to learn from others of different ethnicities, integration can

enable flow of information and improve learning. This exercise showcases how integration, bias, and the
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informational environment matter in shaping social learning. In particular, we illustrate how our modelling

approach can be combined with our experimental results to examine how a policy counterfactual of integrated

classrooms may shape social learning forces in real life.

8 Conclusion and next steps

How does segregation affect social learning? Do correlated priors make segregation harmful? Does bias

make it beneficial? We tackle these questions with a combination of theory and empirics. A model of

network formation and social learning implies two formal hypotheses. First, bias lowers learning and makes

the benefits of segregation higher. Second, correlated priors can erode learning, but make the benefits of

segregation higher. To formally test these two hypotheses, we design a variant of a ball-in-urn game for 6

people, and implement it in interethnic high schools in Macedonia.

We find compelling evidence for both hypotheses. First, when groups are composed of more low-bias players,

participants learn better when they are integrated than when they are segregated, but this is not true in the

high-bias groups. We reject the null hypothesis that bias increases the benefits of integration at the 10% level.

We also find that correlated priors cause higher learning in the integrated networks than in the segregated

networks, but again, this is not true under uncorrelated priors. We also reject the null that correlated priors

decrease the benefits of integration at the 10% level. Both the theory and empirics agree that there is a

nuanced effect of integration. It can be beneficial if one group has beneficial information for another, but

harmful if the groups are sufficiently biased against one another.

How should policymakers think about these trade-offs? To illustrate the implications of our results, we

conduct counterfactual simulations to analyze social learning under a counterfactual policy of integrated

classrooms. We first structurally estimate the bias individuals have against others in the learning game. We

find that individuals’ bias against the actions of out-group members is 45% higher than the bias against in-

group members. We then combine these estimates with data on real-life networks and a model of network

formation to construct counterfactual social networks under the new policy. We find that the counterfactual

integrated networks lead to more learning than the status-quo networks only if initial signals are highly

correlated and sufficiently low number of individuals take the correct actions at the onset of the game.
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We contribute to two large strands of literature. Social learning has been studied widely in economics, but

the literature has either considered identity without network structure, or network structure without identity.

Our study aims to fill this gap by simultaneously considering both in the process of social learning. We find

that whether segregation is good or bad depends on both the correlation of priors as well as the bias. While

the former is a conventional wisdom in the theoretical literature of social learning on networks, the latter is

a contribution of our study. We also add to a large literature on identity that considers both out-group bias

and in-group conformity, and show evidence of both in the process of social learning.

We see two general directions for improving the current version of the paper. First, we need to formal-

ize the estimation of the structural model. While the general principles of our estimation procedure are

well-established, the process includes some arbitrary decisions. A more appropriate approach that we are

implementing is using a discrete choice framework such as mixed logit, that can estimate the bias even at

the individual level. Estimating bias at the individual level can be useful in describing how bias in learning

is related to other observed characteristics. Second, we can expand on our counterfactual simulations by

exploring how the results change under different modelling assumptions. Once we estimate individual-level

bias parameters, we can ask alternative questions about how targeting low-bias students for the integrated

classrooms compares to the other policy counterfactuals that integrate but do not target.
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Tables and Figures
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(a) Panel A: Segregated learning with bias
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(b) Panel B: Segregated learning with correlated priors

Figure 1: Theoretical simulations and hypotheses. This figure plots the results from the theoretical simulations.
On the x-axis we plot the extent of segregation, ps/pd. On the y-axis we plot the fraction of agents who guess the
correct state of the world, which is calculated using Algorithm 1. Panel A plots segregated learning over bias. Each
different line represents the relationship between segregation and learning for different values of bias (darker shades
denote higher bias). On the left, we plot these relationships for correlated priors (s1 = 1, s2 = 0.33), and on the
right for uncorrelated priors (s1 = s2 = 0.66). Panel B plots segregated learning over correlation of priors. Each
different line represents the relationship between segregation and learning for different values of correlation (darker
shades denote higher correlation). On the left, we plot these relationships for high bias (b = 0.9), and on the right for
low bias (b = 0.1)
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Figure 2: Observation networks in the game. This figure plots the network treatment in the lab game, composed of
6 players from 2 distinct ethnicities. Nodes denote players, and ethnicity is marked by color and shape. Lines represent
mutual observation, so any two nodes that are linked can see each other’s action’s during the game.
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Figure 3: Histogram of learning outcomes. This histogram plots the learning outcome at the network-game level.
The x-axis presents the number of players that correctly guess the true color in the last round, and the y-axis the fraction
of network-game outcomes that take that outcome.
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(a) Panel A: Overall learning by bias
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(b) Panel B: Learning by bias, Segregated vs. Integrated conditions.

Figure 4: Testing Hypothesis 1. This figure plots the mean of learning over network-game observations. Learning is
defined as the fraction of the 6 players who correctly guess the color in the last round of the game (N=574). In Panel
A, we plot learning by bias. The left panel plots learning for 6-person groups in which half or fewer students have a
cross-ethnic friend, while the right panel plots learning for 6-person groups in which more than half of the players have
a cross ethnic friendship. For each player, cross-ethnic friendship is equal to 1 if the student names at least one friend
from a different ethnicity in the baseline social network survey. Panel B is analogous to Panel A, but it additionally
splits learning separately for the Segregated and Integrated conditions. Each figure plots the means, 95% confidence
interval, and indicates sample size on top of the bar. We exclude practice rounds.
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(a) Panel A: Overall learning by correlated priors
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(b) Panel B: Learning by correlated priors, Segregated vs. Integrated conditions.

Figure 5: Testing Hypothesis 2. This figure plots the mean of learning over network-game observations. Learning is
defined as the fraction of the 6 players who correctly guess the color in the last round of the game (N=574). In Panel A,
we plot the average true guess by correlated priors. The right panel plots learning for games in which both ethnicities
received 2 correct and 1 incorrect signals (uncorrelated priors), while the left panel plots learning for games in which
one ethnicity gets 3 correct signals, while the other 2 incorrect and 1 correct signal (correlated priors). In each game
signals are distributed to players randomly. Panel B is analogous to Panel A, but additionally splits learning separately
for the Segregated and Integrated conditions. Each figure plots the means, 95% confidence interval, and indicates
sample size N on top of the bar. We exclude practice rounds.
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(a) Panel A: Moment distances

(b) Panel B: Distribution of the weights that achieve 2% lowest moment distances

Figure 6: Estimating bias. This figure visualizes the bias estimation procedure. The estimation is done over a 50×50
grid of same-ethnicity bias bs (x-axis) and different-ethnicity bias bd (y-axis). In Panel A, for each pair of bias, we
calculate the criterion, i.e. the distance between the model-predicted moments and experimental data, as in Equation
(17). Darker shades indicate smaller distances and therefore better fit. In Panel B, we form a distribution using the
2% of bias pairs that best predict the data, where the probability of each (bs, bd) is proportional to criterion (better fit
means higher probability). This estimation procedure is detailed in Algorithm 2.
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Figure 7: Counterfactuals. This figure plots the results from the counterfactual exercises. On the x-axis we plot the
precision, i.e. the initial fraction of agents who take the correct action. On the y-axis we plot change in learning relative
to the initial . We calculate the change in learning using the estimated bias distribution from the experiment. On the
right panel we plot the simulations with uncorrelated priors, such that each ethnicity has the same initial true action,
and the left panel presents learning under correlated priors, in which there are differences in the precision of the priors.
In each line we plot a different type of network and bias used to simulate social learning. The Observed line plots
the change in learning using the measured status-quo networks. The Counterfactual line plots the change in learning
using model-generated networks under the counterfactual scenario, in which one integrated classroom is introduced in
each cohort. The Counterfactual+lower bias, takes the same counterfactual network, but assumes that integration also
lowers bias in learning in the same magnitude as in Anisfeld and Pandiloski, 2024. The network formation model and
the assumptions made about counterfactual parameters are detailed in Section 7.
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Characteristic N Mean SD Min Max
Female 527 0.49 0.50 0 1
Age at registration 499 16.31 1.12 13 23
Macedonian 527 0.40 0.49 0 1
Albanian 527 0.41 0.49 0 1
Turkish 527 0.19 0.39 0 1
At least one cross-ethnic friend 527 0.45 0.50 0 1
Dictator Game bias 511 32.63 87.00 -300 500
Fluency in other local languages 511 3.19 2.88 0 10
Proximity to other local ethnicities 511 2.08 1.16 1 7
Generalized Trust 511 6.60 2.46 1 12
At least one parent has college degree 521 0.44 0.50 0 1
Both parents have college degrees 527 0.18 0.39 0 1
Both parents have college degrees 515 0.50 0.50 0 1
Grade Point Average (2023-2024) 524 4.54 0.72 2.1 5

Table 1: Summary statistics of individual characteristics. This table shows the characteristics of participants. There
are 527 unique participants in this study, though some questions have missing responses since they were not mandatory
and/or data is missing for some students. Female is a binary indicator equal to 1 if the enumerator-reported gender
is female. Age at registration is derived from the self-reported birth month and year at registration. Macedonian,
Albanian, and Turkish are binary variables that equal 1 if the participant is enrolled in a Macedonian, Albanian, or
Turkish language instruction classrooms. At least one cross ethnic friend is coded as 1 if the student reports at least one
friend from another instruction language in the baseline survey. Dictator game bias is defined as the average amount
sent to a co-ethnic minus the average amount sent to a cross-ethnic peer on a Dictator Game. Fluency in other local
languages is the average reported fluency (1-10 rank) in local languages that is not the participant’s mother tongue.
Proximity to other local ethnicities is the average reported proximity on an Inclusion of Others in Self psychometric
test. Trust is a self report (0-10 rank) on the general trustworthiness of people in society. Parent education and own
educational attainment is measured by a survey report, in which students report the highest educational level each of
their parents attained, and the highest educational level they want to attain. GPA comes from administrative school
data, and students are graded from 1 (fail) to 5 (excellent).
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School Grade N Average Degree Clustering Components Cross-Ethnic Links (%)
School 1 1 94 5.13 0.45 6 7.88

2 84 4.05 0.39 11 9.41
3 54 2.56 0.41 12 1.45
4 22 2.55 0.45 4 0.00

School 2 1 70 2.63 0.31 19 4.35
2 77 3.92 0.40 9 3.97
3 40 3.30 0.46 6 1.52
4 52 2.69 0.49 14 0.00

School 3 1 92 4.07 0.35 3 6.95
2 101 5.41 0.44 2 5.13
3 85 3.81 0.41 7 4.94
4 49 2.49 0.48 11 1.64

Table 2: Summary statistics of social networks. This table shows network statistics for the 12 real-life networks.
Here we use all students with baseline surveys (N=820), not just those who have played the game. Average degree is
the average number of reported links. Clustering represents the probability that two people are linked given that they
have a mutual friend. Components is the number of disconnected clusters in the network. Cross-ethnic links represents
the percentage of links in the network that are across individuals of different ethnicities.
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Network-level Learning
Hypothesis 1.1 Hypothesis 1.2

(1) (2) (3) (4)
High Bias -0.094* -0.094*

(0.04) (0.04)
High Bias X Segregated 0.008 0.014

(0.04) (0.04)
Low Bias X Integrated 0.129** 0.134**

(0.05) (0.05)
Low Bias X Segregated 0.076 0.077

(0.05) (0.05)
Constant 0.643*** 0.643*** 0.544*** 0.542***

(0.05) (0.05) (0.06) (0.06)
Strata FE Y Y Y Y
Ethnic pairing FE N Y N Y
R2 0.116 0.140 0.121 0.146
N 574 574 574 574
θ -0.094 -0.094 -0.060 -0.071
Pr(θ > 0) 0.005*** 0.008*** 0.079* 0.048**
* p < 0.1, ** p < 0.05, *** p < 0.01

Table 3: Testing Hypothesis 1. This table presents the regressions that test Hypothesis 1. In every column, the outcome
is the network-level learning in the last round of each game, measured as the fraction of the 6 students that correctly
guessed the color. Columns (1) and (2) test whether correlated priors decrease learning, and map onto the raw means
presented in Figure 4 Panel A. Columns (3) and (4) test whether bias decreases the benefits of integration, and map onto
the raw means presented in Figure 4 Panel B. Columns (1) and (3) include school-by-cohort strata fixed effects, while
columns (2) and (4) add a fixed effect for the ethnic pairing in the session (Macedonian-Albanian, Albanian-Turkish,
Turkish-Macedonian). At the bottom of each column, we show the estimated θ, which theory predicts θ ≤ 0. Below
it, we present the p-value associated with the one-sided test of the null hypothesis that θ > 0.
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Network-level Learning
Hypothesis 2.1 Hypothesis 2.2

(1) (2) (3) (4)
Correlated Signals -0.019 -0.024

(0.02) (0.02)
Uncorrelated Priors X Integrated 0.004 0.006

(0.02) (0.02)
Correlated Priors X Segregated -0.043 -0.047

(0.03) (0.03)
Correlated Priors X Integrated 0.021 0.017

(0.04) (0.04)
Constant 0.617*** 0.619*** 0.617*** 0.618***

(0.02) (0.02) (0.03) (0.03)
Strata FE Y Y Y Y
Ethnic pairing FE N Y N Y
R2 0.094 0.124 0.099 0.129
N 574 574 574 574
θ -0.019 -0.024 -0.060 -0.058
Pr(θ > 0) 0.216 0.163 0.053* 0.058*
* p < 0.1, ** p < 0.05, *** p < 0.01

Table 4: Testing Hypothesis 2. This table presents the regressions that test Hypothesis 2. In every column, the
outcome is the network-level learning in the last round of each game, measured as the fraction of the 6 students that
correctly guessed the color. Columns (1) and (2) test whether bias decreases learning, and map onto the raw means
presented in Figure 5 Panel A. Columns (3) and (4) test whether bias decreases the benefits of integration, and map onto
the raw means presented in Figure 5 Panel B. Columns (1) and (3) include school-by-cohort strata fixed effects, while
columns (2) and (4) add a fixed effect for the ethnic pairing in the session (Macedonian-Albanian, Albanian-Turkish,
Turkish-Macedonian). At the bottom of each column, we present the estimated θ which theory predicts θ ≤ 0. Below
it, we present the p-value associated with the one-sided test of the null hypothesis that θ > 0.

42



No cross-ethnic friends Any cross ethnic friend
N Mean SD N Mean SD Difference

Dictator Game bias 291 34.71 93.60 220 29.89 77.54 -4.822
Fluency in other local languages 291 2.21 2.48 220 4.48 2.87 2.266***
Proximity to other local ethnicities 291 1.87 1.15 220 2.34 1.12 0.466***
Trust 291 6.71 2.41 220 6.44 2.52 -0.274
At least one parent has college degree 287 0.47 0.50 234 0.41 0.49 -0.060
Both parents have college degrees 291 0.20 0.40 236 0.17 0.37 -0.034
Wants to attain graduate degree 286 0.52 0.50 229 0.47 0.50 -0.046
GPA 288 4.62 0.66 236 4.44 0.78 -0.183***

Table 5: What’s in a “type”? This table shows the characteristics of participants with no cross-ethnic friends and at
least one cross-ethnic friend, and the difference on these characteristics between these two groups (coefficient from a
regression of given characteristic on any cross friend indicator). Dictator game bias is defined as the average amount
sent to a co-ethnic minus the average amount sent to a cross-ethnic peer on a Dictator Game. Fluency in other local
languages is the average reported fluency (1-10 rank) in local languages that is not the participant’s mother tongue.
Proximity to other local ethnicities is the average reported proximity on an Inclusion of Others in Self psychometric
test. Trust is a self report (0-10 rank) on the general trustworthiness of people in society. Parent education and own
educational attainment is measured by a survey report, in which students report the highest educational level each of
their parents attained, and the highest educational level they want to attain. GPA data comes from administrative data
sets in the schools.

Parameter bs bd

Mean 0.60 0.87
Variance 0.01 0.15

Table 6: Estimated biases. This table plots the means and variances of the same-ethnicity (bs) and different-ethnicity
(bd) bias using the estimation procedure described in Algorithm 2, and visualized in Figure 6
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A Appendices

A.1 The case of asympotic learning with continuous updating

Our modelling approach here mirrors Golub and Jackson, 2012, a seminal theoretical study of how segre-

gation slows learning in social networks (henceforth GJ). They too employ a stochastic block model as a

network formation process as well as a DeGroot model as a social learning process. We departs in two key

ways. First, we extend their model by introducing a bias parameter b, such that individuals are allowed to be

biased against individuals from different groups; in GJ, b = 0 and so individuals do not have any bias against

other types. Second, GJ consider a continuous action space in an asymptotic learning framework, that is,

as society grows to infinity (n → ∞) and with an updating rule analogous to Equation (4) but without the

signum function (given the continuous action space). Building on their work, we generate two propositions

that mirror the two main hypotheses in the previous subsection. Namely, both bias and correlated priors slow

asymptotic learning. In the end of this subsection, we discuss why certain features of the modelling approach

in GJ preclude us from examining the precise frictions we are interested in.

Let’s consider this extended model with bias. Continuous updating and asymptotic learning come with

some convenient results from the theory of Markov chains. Importantly, with continuous updating, con-

vergence to the same belief is guaranteed if the social network is strongly connected and aperiodic33. The

assumptions that GJ impose on the networks34 ensure there is always convergence to the same action in the

network.35 Since disagreement is precluded, the outcome of interest is the speed of learning, captured by the

following measure of consensus time CT. For a given ϵ > 0 and an interaction matrix G, define:

CT (ϵ,G) = supa min{t : CD(t;G, a) < ϵ} (20)

where CD(t;G, a) = ||T(G)ta − T(G)∞a||2s(G) is the consensus distance, which is a weighted sum of

33Strongly connected means that the there is a path between any i and j in the network, and aperiodic means that the lowest
common divisor of all cycles in the network is 1, which is true if for at least one i, Aii = 1). See Golub and Sadler, n.d. for a more
detailed discussion, and Meyer, 2023 for technical details.

34The focus on networks with four features: sufficient density, no vanishing groups, interior homophily, and comparable densities
between groups

35Additional assumptions are needed to ensure that the convergence is to the true state of the world: 1) the majority of agents get
the correct signal, 2) no subnetworks have outsized influence, 3) no subnetworks ignores most of the network. (Golub and Jackson,
2010)
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distances between the belief at time t and the asymptotic belief, with weights s(G) = ( d1
D(G) , ...,

dn
D(G)),

where di(G) =
∑

j∈N Gij the weighted degree of agent i and D(G) =
∑

i di(G) as the sum of weighted

degrees in the network.

Define an 2× 2 matrix of effective connectivity F(b, ps, pd) with characteristic entries

Fzq(b, ps, pd) =


ps

ps+pd(1−b) , if z = q

pd(1−b)
ps+pd(1−b) , if z ̸= q

(21)

The matrix F has the same dimension as the number of groups, and each entry Fzq measures the fraction of

weighted degrees that agents of group z have with agents of group q. The main contribution of GJ is to show

that the second eigenvalue36 of the matrix F bounds the convergence time in the DeGroot model, i.e., for any

ϵ > 0, there is a large enough n such that:

(1− ϵ)

2

 log(n)

log
(

1
|λ2(F)|

)
 ≤ CT (ϵ;G) ≤ 2(1 + ϵ)

 log(n)

log
(

1
|λ2(F)|

)
 (22)

Essentially, the speed of learning is sandwiched by functions of the second eigenvalue of the matrix F. The

larger the second eigenvalue, the slower the learning. The proofs for the main results in GJ are technical, and

we refer the interested reader to their paper for more details. The main results translate in our case, since the

arguments rely on large-n dynamics as the realized links in the network approach the expected links, which

is true in the model extension with bias presented here. The following proposition relies on the connection

between second eigenvalue of F and speed of learning.

Proposition 1. Bias slows learning:

∂λ2(F(b, ps, pd))
∂b

> 0 (23)

Proof. First we show that the second eigenvalue in this case is identical to:

λ2(F(b, ps, pd)) =
ps − pd(1− b)

ps + pd(1− b)
(24)

36If we calculate the eigenvalues associated with the matrix F and ordered them by absolute value from largest to smallest, the
second eigenvalue is the second on that list. The largest eigenvalue of a stochastic matrix is unique and is unity, so the second
eigenvalue is always smaller than 1in absolute value.
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Note that we can decompose

F =
pd(1− b)

ps + pd(1− b)
O +

ps − pd(1− b)

ps + pd(1− b)
I (25)

where O is a 2×2matrix of ones and I is the 2×2 identity matrix. Since O and I commute (are simultaneously

diagonalizable), the eigenvalues of F are the sum of the respective eigenvalues of O and I. Since O has rank

1, it has only one non-zero eigenvalue, so the second eigenvalue of this matrix is zero. The second matrix is

diagonal, so its eigenvalues are equal to its diagonal entries, so all the eigenvalues are equal to ps−pd(1−b)
ps+pd(1−b) .

Adding the two vectors of eigenvalues, we get that the second largest eigenvalue of F is ps−pdw
ps+(m−1)pdw

.

Taking derivative of this quantity we obtain:

1

∂b

(
ps − pd(1− b)

ps + pd(1− b)

)
=

pspd
(ps + pd(1− b))2

> 0 (26)

This characterization of the eigenvalue some intuitive interpretations. First, the speed of convergence is

a function of both segregation and bias. Just like in GJ, the second eigenvalue λ2 increases in segregation,

through either increasing ps or decreasing pd, slow convergence; in our extended model, bias also slows

convergence.

Importantly, in this extended model, the second eigenvalue is not only a measurement of segregation,

as is the case in GJ with b = 0. Rather here the second eigenvalue captures someas a measurement of

“effective connectivity”, that is a function of both segregation and bias. To illustrate the consequences of

this re-interpretation, consider a scenario in which a social planner increases cross-group linkages. In the

initial segregated network the parameters describing society are ps, psd, bs, while after integration the society

is characterized by ps, p
i
d, b

i, such that pid > psd. In the model of GJ, bi = bs = 0, and the integration would

always lead to a faster convergence. However, if this integration also sufficiently increases bias, such that

bi > 1− (1− bs)
psd
pid

, then integration will slow convergence.

We can also analyze how the initial distribution of signals impacts the time to consensus. GJ develop

a ”representative agent theorem”, which shows that asymptotically we can treat each group in the network
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as one individual. Intuitively, as n → ∞, the amount of information each agent receives grows large, and

convergence within type happens in only 1 period. From the first period on, the speed of learning in the

asymptotic case depends on how different groups are connected and what their priors are. Recall that s1, s2

represent the average precision for each group, and let ak(t) represent the average action of group k at time

t. Then, we can employ the representative agent theorem to show that the disagreement between the two

groups at time t is:

Proposition 2. (Golub and Jackson, 2012) The disagreement between the groups at time t is proportional

to the second eigenvalue and the difference in priors. Specifically:

a1(t)− a2(t) = λt
2(s1 − s2) (27)

Proof. This proof uses the “representative agent theorem”, that implies that we can asymptotically treat each

type of agent as a single individual. Essentially, this means focusing on the expected links to agents of each

type. We will first show that:

ai(t) =
1

2
(1 + λt

2)si +
1

2
(1− λt

2)s−i (28)

First, note that ai(0) = si, and that 1
2(1 + λ2) = ps

ps+pd(1−b) and 1
2(1 − λ2) = pd(1−b)

ps+pd(1−b) , which is

straightforward to check. The proof proceeds by induction. For t = 1:

ai(1) =
ps

ps + pd(1− b)
ai(0) +

pd(1− b)

ps + pd(1− b)
a−i(0) (29)

=
1

2
(1 + λ2)si +

1

2
(1− λ2)s−i (30)

Now, assume this is true for ai(t). Then for t+ 1 we have:

ai(t+ 1) =
ps

ps + pd(1− b)
ai(t) +

pd(1− b)

ps + pd(1− b)
a−i(t) (31)

=
1

2
(1 + λ2)

(
1

2
(1 + λt−1

2 )si +
1

2
(1− λt−1

2 )s−i

)
(32)

+
1

2
(1− λ2)

(
1

2
(1 + λt−1

2 )s−i +
1

2
(1− λt−1

2 )si

)
(33)

=
1

2
(1 + λt

2)si +
1

2
(1− λt

2)s−i (34)
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Which proves the claim. Calculating the difference yields:

a1(t)− a2(t) =

(
1

2
(1 + λt

2)s1 +
1

2
(1− λt

2)s2

)
−
(
1

2
(1 + λt

2)s2 +
1

2
(1− λt

2)s1

)
(35)

= λt
2(s1 − s2) (36)

There are two main implication of this proposition. First, it shows that an increase in correlation of priors

(|s1− s2|) slows learning. While the disagreement still tends to zero as t increases37, it can persist for longer

as s1 − s2 grows. Second, it shows that if the groups have exactly the same priors s1 = s2, segregation does

not matter asymptotically, since convergence happens in one period. Intuitively, if each group has the same

prior, as number of agents grows to infinity, agents can learn just as well from their own group as they would

from the other group.

Proposition 1 and 2 show how bias and correlated priors each slow learning in the case of asymptotic

learning with continuous updating. However, this approach cannot generate disagreements (failure of conver-

gence), or the interactions between segregation, bias, and correlated priors that we generate in the previous

subsection. That is, under this framework, if priors are not uncorrelated, segregation always harms the speed

of learning. In the previous subsection we showed that segregation can increase learning, even for small bias.

The asymptotic model cannot generate these frictions since the number of links each individual has grows

infinite. With this abundance of information, there are no trade-offs in how links are distributed across types.

These trade offs are key in generating the patters from our simulations.
37Since |λ2| < 1 in any stochastic matrix
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A.2 Additional simulations
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(a) Panel A: Segregated learning with bias
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(b) Panel B: Segregated learning with correlated priors

This figure plots the results from the theoretical simulations, over different values of population size n. On the x-axis
we plot the extent of segregation, ps/pd. On the y-axis we plot the fraction of agents who guess the correct state of the
world, which is estimated using Algorithm 1. Both panels present the theoretical results for n = {50, 100, 200} (recall
that in the paper simulations n = 100). Panel A plots segregated learning over bias. Each different line represents the
relationship between segregation and learning for different values of bias (darker shades denote higher bias). Above, we
plot these relationships for correlated priors (s1 = 1, s2 = 0.33), and below for uncorrelated priors (s1 = s2 = 0.66).
Panel B plots segregated learning over correlation of the priors. Each different line represents the relationship between
segregation and learning for different values of correlation (darker shades denote higher correlation). Above, we plot
these relationships for high bias (b = 0.9), and below for low bias (b = 0.1).
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(b) Panel B: Segregated learning with correlated priors

This figure plots the results from the theoretical simulations, over different values of degree d (number of expected links
per individual). On the x-axis we plot the extent of segregation, ps/pd. On the y-axis we plot the fraction of agents
who guess the correct state of the world, which is estimated using Algorithm 1. Both panels present the theoretical
results for d = {2, 5, 10} (recall that in the paper simulations d = 5). Panel A plots segregated learning over bias.
Each different line represents the relationship between segregation and learning for different values of bias (darker
shades denote higher bias). Above, we plot these relationships for correlated priors (s1 = 1, s2 = 0.33), and below
for uncorrelated priors (s1 = s2 = 0.66). Panel B plots segregated learning over correlation of the priors. Each
different line represents the relationship between segregation and learning for different values of correlation (darker
shades denote higher correlation). Above, we plot these relationships for high bias (b = 0.9), and below for low bias
(b = 0.1).
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