
Integrating Minorities in the Classroom:
The Role of Students, Parents, and Teachers*

Alexandra de Gendre† Krzysztof Karbownik‡

University of Melbourne Emory University

Nicolas Salamanca§ Yves Zenou¶

University of Melbourne Monash University

June 22, 2026

Abstract

We develop a multi-agent model of the education production where investments of students,
parents, and teachers respond to changes in classroom composition. We then test key
implications of this model using rich survey data and random assignment of students to
classrooms. Consistent with our model, we show that an increase in the share of minorities
decreases student effort, parental investments, and teacher engagement, resulting in modest
declines in test scores. Our theory and results demonstrate the perils of ignoring the
behaviors of other agents relevant to the education production function.
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1 Introduction

As societies become more culturally and ethnically diverse, policymakers face the challenge of
providing minority communities with equal opportunities. Access to higher quality schooling
(e.g., via school choice) or better neighborhoods (e.g., via housing vouchers) are often used
to increase human capital and help overcome intergenerational disadvantage (Coleman, 1968,
Heckman, 2000, Alba, Sloan and Sperling, 2011). Such efforts increase heterogeneity in schools
and classrooms, potentially creating externalities that undermine the hypothesized minority
gains. For example, school integration efforts can create tensions between minority and majority
groups, lead to pushback, and ultimately to more segregation (e.g., Card and Giuliano, 2013,
Geay, McNally and Telhaj, 2013, Cascio and Lewis, 2012, Ohinata and Van Ours, 2013, Bisin
et al., 2016). Causes and consequences of these externalities are understudied due to at least
three major barriers: (1) no theoretical underpinning that considers all relevant agents in the
education production function, (2) limited access to (quasi-)experimental variation in classroom
composition, and (3) rich-enough data to combine theory with causal evidence.

In this paper we overcome all three of these limitations. First, we develop a theoretical model
of the education production function where students, parents and teachers interact strategically
in response to changes in classroom composition. Second, we test some of the model’s key
predictions in a setting where students are randomly assigned to classrooms within schools.
Third, we use comprehensive data on students, parents, and teachers which allows us to directly
test the more complex but also more realistic production function outlined in our theory. Such
rich data are almost never available; thus, most studies have to settle with partial descriptions of
the process or equate changes in education outcomes with changes in inputs. As we document in
the paper, partially observing inputs is problematic for the interpretation of results, e.g., it might
not be clear what the economic implications of the causal reduced-form estimates are. It can
also lead to misguided policy recommendations, e.g., researchers could recommend treatment to
one set of agents while the reduced form estimates are actually driven by another set of agents.1

We ask three research questions: How does exposure to minorities in the classroom affect
student achievement? How do other students, their parents, and teachers in these classrooms
change their behaviors in the presence of minority students? And, finally, to what extent are
these achievement effects driven by minority status per se versus characteristics correlated with
being a minority (e.g., lower baseline test scores)?

We first develop a multi-agent model of the education production function where the invest-
ments of students, parents, and teachers are linked to the presence of minority students in the
classroom. Our model predicts that students, parents and teachers will all decrease their effort

1 Related examples come from studies investigating interactions of parental and school investments (Gelber and
Isen, 2013, Pop-Eleches and Urquiola, 2013, Fredriksson, Öckert and Oosterbeek, 2013).
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in response to an increase in the share of minority students in the classroom under two, in our
view uncontroversial, assumptions: (1) student, parent, and teacher efforts are q-complements
(i.e., all complement one another in the production of educational achievement; see e.g., Hicks
(1956)), and (2) the (perceived) endowments of minority students are lower than those of major-
ity students. The former assumption makes intuitive sense from an education perspective as it
implies that e.g., each additional hour of student effort is more (rather than less) productive when
parents are more invested in their child’s education or when teachers are more engaged in class.
Input complementarities are also supported by recent empirical evidence (see e.g., Caucutt et al.,
forthcoming, Molnar, 2023). The latter assumption is easily testable in most datasets and only
needs to hold on average, or even in perception when subjective expectations are allowed—that
is, even if there are no endowment differences between minority and majority students, as long
as agents expect or perceive these differences to exist. This feature of our model allows for
mechanisms such as prejudice against minorities to drive behavior.

We test our theoretical predictions using uniquely rich data on students, parents and teachers
from Taiwan Education Panel Survey (TEPS). There are three reasons why the TEPS is ideal for
this exercise. First, it collects longitudinal information on test scores, student effort, parental
investments and teacher engagement in a representative sample of classrooms. Second, the
TEPS also collects information on Indigeneity based on which we group students into the
minority and the majority. Indigenous students—who are most often easily identifiable in the
classroom—have very different cultural and socioeconomic background than the Han Chinese
majority. Third, using the TEPS, we can exploit Taiwan’s national mandate to randomly assign
students and teachers to classrooms within schools. This allows us to produce causal estimates of
exposure to minorities in classrooms free from econometric concerns that plague other settings
(Manski, 1993, 2000, Angrist, 2014).

Empirically, we first document that Indigenous students are indeed disadvantaged across
several pre-determined dimensions and are perceived as lower ability by their teachers. This
is consistent with the key testable assumption in our model. We then show that when students
are exposed to a 10 percentage points (pp) higher share of Indigenous peers in their classroom,
their test scores decrease by 4% of a standard deviation (SD). Twenty seven percent of this
negative effect is due to peer characteristics correlated with Indigeneity —mainly lower ability
and socioeconomic status —nonetheless leaving a sizable residual effect. We also report that the
same 10 pp increase in share of Indigenous peers reduces majority student study effort, parental
investments, and teacher engagement in a manner that would predict drops in test scores of
0.72% SD, 0.39% SD and 1.25% SD; or fifty eight percent of the negative test score effect.

Even though our classroom assignment is as good as random, we conduct a number of
sensitivity analyses. First, we address incomplete sampling of the peer network with an estimator
developed by Sojourner (2013) which suggests that our results, if anything, understate the true
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effect. Second, we verify that our conclusions are invariant to the exact definition of who
the majority students are and to excluding private schools or schools where most students are
Indigenous. Third, we document how our effects are driven by variation at both the extensive
(i.e., being exposed to at least one Indigenous student) and the intensive (i.e., the share of
Indigenous students) margins. Fourth, we show that exposure to minority students does not
lead to selective attrition or reallocation of majority students. Fifth, we verify that statistical
significance is unaffected by randomization inference (Young, 2019). Finally, we execute two
placebo analyses. Our first placebo analysis uses Hakka students, who are another officially
recognized minority group in Taiwan with a distinct language and culture but not disadvantaged
or discriminated against. Here, as predicted by our model, we do not find any negative effects.
Second, we create “synthetic” Indigenous students defined as Han majority students matched
with their Indigenous peers on pre-determined characteristics. Here, although not statistically
significant at conventional levels, we find negative estimates on test scores that are in line
with our correlated characteristics decomposition analysis (Manski, 2000), but smaller than our
Indigenous peer effects. Taken together, these analyses suggest that something idiosyncratic
to Indigenous students —such as the prejudice others hold against them —and not shared by
other minority or disadvantaged groups is the plausible primary driver of the observed negative
effects.

Our paper contributes to multiple strands of literature. First, we develop a theoretical model
of classroom interactions between majority and minority students, where students’, parents’,
and teachers’ behaviors shape test scores. By distilling these links to their core elements,
the model offers insights applicable to other contexts in which heterogeneous populations are
present and outcomes could be affected by different agents interacting with each other e.g.,
workplaces, neighborhoods, or penitentiaries. Our model can easily be adapted to explain
strategic interactions between any two groups where one is observably (or is perceived to be)
different. In education, incorporating parental and teacher in addition to student behaviors
enriches the standard linear-in-means peer-effect model (for overviews, see Advani and Malde,
2018 and Bramoullé, Djebbari and Fortin, 2020), aligning it more closely with a plausible
production function.2 We show that the behaviors of these agents matter, both theoretically
and empirically, for student outcomes suggesting that future research should not ignore their
contributions to the observed reduced-form estimates.

Second, we offer some of the first estimates of the effects of increasing share of minorities
in the classroom identified using institutionally generated random variation. In this regard,
the closest studies to ours are Antecol, Eren and Ozbeklik (2016) and Hoxby and Weingarth

2 Exceptions include Boucher et al. (2023) and Agostinelli et al. (2026) who incorporate parental influence but do
not account for teachers. Neither of these papers rely on random assignment of students for estimation. Bifulco,
Fletcher and Ross (2011) also consider changes in teacher-student relationships as one of the plausible mechanisms
but they do not account for parental adjustments.
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(2005). Antecol, Eren and Ozbeklik (2016) use a small scale RCT based on Mathematica’s
Teachers Trained Through Different Routes to Certification program to study ability peer effects.
They also report null effects of increasing share of Black peers on test scores of other Black
students. Hoxby and Weingarth (2005) examine student reassignment in Wake County, North
Carolina which was a result of a switch from a desegregation plan balancing students based on
race to a plan which used income instead thus producing “thousands of useful reassignment
experiments.” Their results highlight the importance of accounting for correlated characteristics;
after accounting for achievement, they find only limited residual contribution from other student
characteristics such as race or income. This contrasts with our results – where correlated
characteristics can explain less than a third of the negative effect – perhaps due to the degree of
prejudice that we document against Indigenous students.

Other studies in the extant peer effects literature, primarily using data from the United
States (see e.g., Hoxby, 2000, Angrist and Lang, 2004, Bifulco, Fletcher and Ross, 2011,
Imberman, Kugler and Sacerdote, 2012, Diette and Oyelere Uwaifo, 2014, 2017, Figlio and
Özek, 2019, Morales, 2022, Setren, 2024) but also from other countries (see e.g., Friesen
and Krauth, 2011, Geay, McNally and Telhaj, 2013, Alan et al., 2021, Green and Iversen,
2022), rely on cohort-by-school variation due to the absence of institutionalized randomization.
This type of variation comes with issues. For example, Vigdor and Nechyba (2007) show
that within-school comparisons are not always valid due to changes in local school markets
affecting student composition over time. Furthermore, much of the prior literature that attempts
to deal with selection of minorities still cannot circumvent the selection of majority students
that remain in schools attended by minorities (Figlio et al., 2024). Another complication is
that it is often unclear to what degree these students have different observed or perceived
endowments. In our application Indigenous students are almost universally easily identifiable,
severely disadvantaged, and discriminated against. Therefore, our estimates are particularly
relevant for informing inclusion policies targeted at the most marginalized groups in society
which are often of high policy relevance.3

3 More broadly, our results contribute to a growing literature studying peer effects with random assignment in
compulsory schooling. Previous studies used middle schools in South Korea and classrooms in a few selected
Chinese middle schools, however, this variation has not been used to explore effects of increasing share of minority
students in classrooms; rather these studies estimate the impact of studying with higher-achieving peers, female
peers, children of college-educated parents or teacher-student match effects (see e.g., Kang et al., 2007, Fang
and Wan, 2020, Chung, 2020, Lim and Meer, 2017, 2020, Feng and Li, 2016). Additionally, using Greek data
Goulas et al. (2024) argue for quasi-random assignment of students to classrooms based on the alphabetical
ordering of their last names to explore the effect of disruptive peers. Unlike the aforementioned studies, our
results are thus uniquely positioned to inform the policy debate on school integration efforts. In tertiary education
studies that use institutionally generated random assignment, as we do, are more common. These include Carrell,
Fullerton and West (2009), Carrell, Sacerdote and West (2013) in the United States, Feld and Zoelitz (2017) in the
Netherlands, Garlick (2018) in South Africa, and Brunello, De Paola and Scoppa (2010) in Italy. However, even
in this broader literature only Chevalier, Isphording and Lisauskaite (2020) specifically focus on minorities—in
their case, non-native speakers at a British university—and on the issue of language barriers in the classroom. In a
narrower setting, Rivera (2022) studies minorities at the Chicago Police Academy.
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Third, to the best of our knowledge, this is the first study to examine effects of exogenous
changes in share of minority students on behaviors and investments of students, parents, and
teachers jointly with effects on test scores. Some prior work considered exogenous and endoge-
nous peer effects simultaneously (De Giorgi, Pellizzari and Redaelli, 2010, Ross and Shi, 2022)
while Green, Haaland and Vaag Iversen (2022) note that Norwegian students have improved
English language skills likely due to exposure to English-speaking peers outside the classroom.
Other studies documented teachers’ responses to class composition e.g., Lavy and Schlosser
(2011) show that an increase in the proportion of girls in the classroom leads to improved
inter-student and student-teacher relationships as well as lower teacher fatigue.4 Finally, there
are relevant papers using structural models of child skill formation that highlight the impor-
tance of accounting for parental investment responses to changes in their child’s peer group
(Agostinelli, 2018, Agostinelli et al., 2026, Boucher et al., 2023). Our results support the idea
that parents’ endogenous responses to classroom composition are relevant for modeling the
education production while extending prior work by incorporating student and teacher inputs.

Fourth, our work contributes to the literature on the effects of school racial, ethnic, and
linguistic diversity on student achievement. Card and Rothstein (2007) find a strong association
between racial segregation in neighborhoods and schools and the Black-White gap in SAT scores.
Angrist and Lang (2004) analyze spillovers generated by school integration policies, and find
short-lived, small to null effects on test scores. Hanushek, Kain and Rivkin (2009) estimate the
effect of studying in racially diverse schools, keeping school quality constant, and find large
negative effects for Blacks and small negative effects for Whites and other non-White minorities.
A related strand of literature focusing on ethnolinguistic diversity in schools has likewise yielded
mixed findings (e.g. Cho, 2012, Tonello, 2016, Ohinata and Van Ours, 2013, 2016, Gould, Lavy
and Paserman, 2009, Jensen and Rasmussen, 2011, Ahn and Jepsen, 2015, Hunt, 2017). Unlike
our work, these studies do not rely on random assignment and are limited in their ability to
directly observe mechanisms. In that regard, our study is closer to the three recent small-scale
experiments that focus on the effect of exposure to refugees on pupils’ attitudes, prejudice and
friendship formation (Boucher et al., 2020, Alan et al., 2021) and on teachers’ prejudice (Alan
et al., 2020).

Fifth, our model and empirical results highlight the importance of biased subjective expecta-
tions thus contributing to the growing literature on the negative consequences of stereotyping,
discrimination and prejudice in education. This literature shows that teacher expectations affect
student educational outcomes (Papageorge, Gershenson and Kang, 2020), that teacher gender
stereotyping could reduce girls’ achievement (Rakshit and Sahoo, 2023), that teacher stereotyp-
ing of one minority group could negatively impact other minority groups (Shi and Zhu, 2023),

4 In the literature on ability tracking, Duflo, Dupas and Kremer (2011) show that the effects of ability tracking can
be partly explained by teachers targeting instruction. On the other hand, Booij, Leuven and Oosterbeek (2017) find
that teachers do not change their behaviors in response to ability tracking.

5



and that teacher prejudice could increase peer violence (Alan et al., 2020). Relatedly, Anderberg
et al. (2024) show that in-group bias peaks in culturally polarized classrooms where both groups
are large and have different religious or language backgrounds.

Finally, we provide some of the first evidence on education of Indigenous children, a group that
has largely been omitted from research due to data limitations. Friesen and Krauth (2010) study
outcomes of Aboriginal students in Canada from exposure to higher share of Aboriginal peers
but they do not consider effects on majority students. Barber and Jones (2021) document robust
achievement gaps between Indigenous and non-Indigenous students in Canada while Jones
(2023) shows that cuts to post-secondary funding for Indigenous students lead to reductions in
their educational attainment and labor supply. Our findings enrich this literature by documenting
the consequences of and potential mechanisms behind integrating Indigenous children into
schools attended predominantly by non-Indigenous students. This population is of particular
policy relevance given that Indigenous Peoples account for 5% of the global population but as
much as 15% of the world’s extremely poor (Hall and Patrinos, 2014).

Our results have at least two clear policy implications. First, the negative effects we document
suggest hidden costs of policies attempting to integrate minority students in majority dominated
schools. Thus, policy makers might want to pro-actively consider compensatory interventions
that could minimize these effects e.g., Morales (2022) suggests additional funding as one
effective offsetting policy. Second, our findings on endogenous responses of students, parents,
and teachers highlight the need for broad policies addressing multiple stakeholders in education
processes e.g., Alesina et al. (2018) show that making teachers aware of their bias could decrease
discrimination in grading while Tumen, Vlassopoulos and Wahba (2023) show that teacher
training programs on diversity awareness improve attendance and academic achievement of
refugee students. Our results suggest that similar programs targeting students and parents could
also be effective. More broadly, our theory and results together facilitate better understanding
of multi-agent production processes involving heterogeneous populations—in either education
or other settings. This is of first-order importance since policy recommendations based on
reduced-form estimates of unknown or misspecified production functions can be problematic
(Heckman and Pinto, 2015). Furthermore, optimal reassignment policies might not be effective
not only because of endogenous group formation (Carrell, Sacerdote and West, 2013) but also
because they do not take into account endogenous responses of other agents relevant in the
production process.

2 Theory: Peer effects with endogenous responses

2.1 Definitions and baseline peer effects model

There are two sets of students in each classroom: majority (M) and minority (m). The number
of students is n so that nM +nm = n. Denote by q = nm/n, the fraction of minority students in a
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classroom and thus by 1−q = nM/n, the fraction of majority students in a classroom.

2.1.1 Utility function

The utility of a student i belonging to either the minority (m) or majority (M) group and choosing
education effort yi

s is a function of both a private and a social component (subscript s stands for
“student”). It is given by:

U i
s = biyi

s −
1
2
(
yi

s
)2

+φyi
sy

−i
s , (1)

where y−i
s is the average student effort in the classroom leaving out i, 0 < φ < 1 is the intensity

of the spillover effects, and bi is student i’s marginal private benefit from education effort. We
have bi = xiγ + ε i, where xi is a (1× k) vector of k characteristics and γ is a (k× 1) vector,
so that xiγ reflects the mapping of observable characteristics (such as gender, socioeconomic
status, etc.) and ε i of unobservable characteristics (such as talent and motivation) onto student
i’ marginal private benefit from education effort. All elements of this mapping are assumed to
be independent of other students in the classroom.

This utility function has two terms. The first term, biyi
s − 1

2

(
yi

s
)2, corresponds to the utility

of exerting yi
s units of effort when there is no interaction with other children. The second term,

φyi
sy

−i
s , captures the spillover effects that student i experiences from the average effort of their

classmates.

The first-order condition with respect to effort for student i is given by:

yi
s = bi +φ y−i

s (2)

or equivalently
yi

s = xi
γ +φ y−i

s + ε
i. (3)

which is the standard linear-in-means (LIM) model.

2.1.2 Micro-foundations of the linear-in-means specification

We first discuss the micro-foundations that rationalize Equation (1) and clarify the specific
mechanisms we have in mind. Our framework is intentionally reduced-form and flexible, but it
is consistent with several well-established behavioral mechanisms.

(1) Motivation and social complementarities

The term φyi
sy

−i
s captures effort complementarities: the marginal return to own effort increases

when peers exert more effort. This is consistent with (i) classroom motivation effects (i.e.,
students work harder in academically engaged environments), (ii) norm formation and peer
pressure (i.e., effort becomes socially rewarded), (iii) collaborative learning and study interac-
tions. Under this interpretation, φ > 0 reflects the strength of academic norm transmission or
motivational spillovers.
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(2) Relative performance and social comparison

The LIM structure can likewise arise from relative performance concerns (Ushchev and Zenou,
2020, Boucher et al., 2024). Suppose students care about the difference between their effort and
classroom average:

U i
s = biyi

s −
1
2
(yi

s)
2 − κ

2
(yi

s − y−i
s )2.

Expanding the last term yields:

U i
s = biyi

s −
1
2
(1+κ)(yi

s)
2 +κyi

sy
−i
s − κ

2
(y−i

s )2.

Up to constants and a rescaling of effort costs, this generates the same best-response structure
as Equation (2). Hence, the LIM model is consistent with social comparison motives and rank
concerns.

(3) Belief-based or stereotype channels

Effort responses may also reflect subjective expectations about peers’ ability or classroom
productivity. If students perceive minority peers as lowering the expected return to classroom
effort, this effectively reduces y−i

s in expectations, generating the same comparative statics as in
Proposition 1 below even absent objective ability differences.

In fact, we could have explicitly incorporated expected, rather than actual, effort of peers
by defining this second term as φyi

sE
[
y−i

s
]
, where E [·] is an expectation over student i’s infor-

mation set. Assuming linearly separable effort of peers, we get E
[
y−i

s
]
= 1

nm ∑ j ̸=iE
[
y j∈m

s

]
+

1
nM ∑ j ̸=iE

[
y j∈M

s

]
, which allows students’ expectations of peer effort to differ by peer minority

status. This formulation allows us to explore the role of students’ subjective expectations (and bi-
ases) of their peers’ effort on their own effort provision. Assuming, as we do below, that bi = bm

for minority students and bi = bM for majority students, and under rational expectations (which
imply that students’ expectations about their peers’ efforts are correct) we obtain E

[
y−i

s
]
= y−i

s

and return to the utility function in Equation (1).

2.1.3 Equilibrium

In order to gain additional intuition from the model and derive closed-form solutions to the
equilibrium of this game, we assume that all majority students have the same characteristics
and all minority students have the same characteristics, that is, bi = bM for all majority students
and bi = bm for all minority students. We later discuss how this assumption is relaxed in the
empirical analysis. Under this assumption, there are only two education effort levels: one for
each of the nM majority students, denoted by yM

s , and one for each of the nm minority students,
denoted by ym

s . The average education effort in the classroom is then equal to:

ys = qym
s +(1−q)yM

s .
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For student i that is either a minority (m) or majority (M), equation (2) can now be written as:

yi
s = bi +φ

[
qym

s +(1−q)yM
s − yi

s
n

]
. (4)

We obtain:5

Proposition 1 Consider a spillover model with a population of minority and majority students.

Then, there is a unique interior equilibrium in which study efforts for each type of students are

given by

yM∗
s =

(1−φq)bM +φqbm

1−φ
, (5)

ym∗
s =

[1−φ(1−q)]bm +φ(1−q)bM

1−φ
. (6)

Moreover, if bm < bM, then the higher is the fraction of minority students in a classroom, the

lower is the study effort of both majority and minority students in the classroom, that is,

∂yM∗
s

∂q
< 0 and

∂ym∗
s

∂q
< 0.

Indeed, if students from the minority group have lower bi, that is, they have worse observable
or perceived characteristics (e.g., lower test scores or parents with lower incomes), then, for
a student i, the higher is the fraction of minority students in their classroom, the lower is the
average “quality” y−i

s of students in their classroom, and the lower is i’s education effort because
they obtain less spillovers from other students.

Our results hold if we relax the assumption that all minority students have the same bm and
all majority students have the same bM but, instead, we assume that there is a distribution of bi

for each type of students with the average characteristic of minority students being lower than
that of majority students. We could also expect behavioral reactions of students to the fraction
of minority peers even in the absence of real differences between bM and bm as long as there are
perceptions that those differences exist. This highlights the role of subjective expectations and
stereotypes as a potential driving mechanisms, which we explore below.

2.2 Incorporating the responses of parents and teachers

We now incorporate the teachers’ and the parents’ roles in shaping students’ education outcomes.
First, the education production function based on generalized Cobb-Douglas that gives the test
scores of student i is given by:

Si = ρ
(
yi

s
)α1 (yi

p
)α2 (yi

t
)α3 , (7)

5 The proofs of all results in the theory section can be found in Appendix A.
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where the subscripts p and t stand for “parent” and “teacher”, respectively. We assume 0 < α1 <

1, 0 < α2 < 1, 0 < α3 < 1, with α1 +α2 +α3 = 1 while ρ > 0 is the efficiency of the education
production function. Si is student i’s test score, yi

p is the effort of student i’s parents (that is, how
much time and resources parents spend in educating their offspring i) while yi

t is the teacher’s
effort in the classroom where i studies (that is, how much time and effort the teacher spends
preparing, managing, teaching, and taking care of their students). Observe that

∂Si

∂yi
s∂yi

p
= α1α2ρ

(
yi

s
)α1−1 (

yi
p
)α2−1 (

yi
t
)α3 > 0,

∂Si

∂yi
s∂yi

t
= α1α3ρ

(
yi

s
)α1−1 (

yi
p
)α2 (yi

t
)α3−1

> 0.

Indeed, the more the parent or the teacher exerts effort, the higher is the impact of the student’s
effort on their test score. Observe also that

∂Si

∂yi
p∂yi

t
= α2α3ρ

(
yi

s
)α1 (yi

p
)α2−1 (

yi
t
)α3−1

> 0,

which means that the higher is the teacher’s effort in the classroom, the higher is the impact of
parent’s effort on their child’s test score. In summary, student, parent and teacher efforts are all
q-complements to one another in their impact on student’s test scores.6

The timing is as follows. In the first stage, both parents and teachers decide how much effort
to exert. In the second stage, each student decides how much study effort to make.7

As usual, we solve the model backwards. In the previous section, we already solved the

6 If instead of (7), we had chosen a CES education production function, that is,

Si =
(

α1
(
yi

s
)ρ

+α2
(
yi

p
)ρ

+(1−α1 −α2)
(
yi

t
)ρ
)1/ρ

,

then, this would not always be true. Indeed, in this case, it can be verified that

ρ ⋛ 1 ⇔ ∂Si

∂yi
s∂yi

p
⪋ 0 and

∂Si

∂yi
s∂yi

t
⪋ 0 and

∂Si

∂yi
p∂yi

t
⪋ 0.

In other words, if ρ < 1 (ρ > 1), student’s and parent’s or teacher’s efforts will be technical complements
(substitutes) and parent’s and teacher’s efforts will also be technical complements (substitutes) in their impact
on student’s test scores. We note that substitution is inconsistent with our empirical findings and thus we do not
develop this specific model further. Nonetheless, based on expert knowledge, substitution could be relevant in other
applications and our model allows different production functions.
7 In Section 3 we discuss several institutional features that make this timing natural in our context. For example,

we show that already at the baseline teachers have preconceptions about minority students (see Appendix Table D.1)
and it is reasonable to assume that those preconceptions shape teachers’ behavior from the start. Therefore, teachers
can easily be thought of as first movers. Parents can also be thought of as first movers since their behavior can be
shaped by knowledge about the classroom composition from the very beginning of junior high school (see Section
3.1). Students in our setting are more easily thought of as second movers since their study effort is measured in
classroom and therefore after classroom interactions have developed.
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second stage. By plugging the values in equations (5) and (6), we obtain:

SM = ρ (1−φ)−α1
[
(1−φq)bM +φqbm]α1 (yM

p
)α2 (yi

t
)α3 , (8)

and
Sm = ρ (1−φ)−α1

(
[1−φ(1−q)]bm +φ(1−q)bM)α1 (ym

p
)α2
(
yi

t
)α3 . (9)

2.2.1 Parent’s effort choices

The utility of student’s i parents is given by:

U i
p = Si −C(yi

p),

where C(yi
p)> 0 is the cost of effort of student’s i parents and they care about test scores of their

offspring. In principle, one could assume that the marginal cost of parental effort is different
between the majority and the minority groups, but this will just complicate our analysis without
changing the main conclusions. For tractability, we assume that C(yi

p) = yi
p, so that

U i
p = Si − yi

p. (10)

Denote

∆
M(q) := (1−φq)bM +φqbm and ∆

m(q) := [1−φ(1−q)]bm +φ(1−q)bM. (11)

Using the optimal efforts of students in equations (5) and (6) and using (11), we obtain:

UM
p = ρ (1−φ)−α1

(
∆

M(q)
)α1 (yM

p
)α2 (yi

t
)α3 − yM

p . (12)

and
Um

p = ρ (1−φ)−α1 (∆m(q))α1
(
ym

p
)α2
(
yi

t
)α3 − ym

p . (13)

By maximizing these utility functions, we obtain:

yM∗
p (q) = Z1/α2

1
(
∆

M(q)
)α1/(1−α2) (yi

t
)α3/(1−α2) , (14)

and
ym∗

p (q) = Z1/α2
1 (∆m(q))α1/(1−α2)

(
yi

t
)α3/(1−α2) , (15)

where
Z1 := (α2ρ)α2/(1−α2) (1−φ)−α1α2/(1−α2) . (16)
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2.2.2 Teacher’s effort choices

Teacher of student i maximizes test scores of all students in their classroom.8 In the classroom
there are n = nM + nm students. The utility of teacher i (meaning the teacher in a classroom
where i belongs to) is given by:

U i
t =

n

∑
i=1

Si − yi
t (17)

Using equations (8) and (9), we obtain:

U i
t = nMSM +nmSm − yi

t

= nM
ρ (1−φ)−α1

(
∆

M(q)
)α1 (yM

p
)α2 (yi

t
)α3

+nm
ρ (1−φ)−α1 (∆m(q))α1

(
ym

p
)α2
(
yi

t
)α3 − yi

t .

By maximizing this utility function, we obtain:

yi∗
t (q) =

(nα3ρZ1)
(1−α2)/α1

(1−φ)(1−α2)

[
(1−q)

(
∆

M (q)
)α1/(1−α2)+q(∆m (q))α1/(1−α2)

](1−α2)/α1
. (18)

2.2.3 Parents’ and teacher’s effort choices: Equilibrium

We have the following result:

Proposition 2 Consider a two-stage model where, in the first stage, parents and teachers decide

upon their effort while, in the second stage, students decide how much study effort to exert.

There is a unique equilibrium in which the teacher’s effort is given by (18) and parents’ efforts

by (14) and (15). Moreover, based on Proposition 1, if bm < bM, then the higher is the fraction

of minority students in a classroom, the lower is the study effort and the test scores of both

majority and minority students in the classroom, that is,

∂yM∗
s

∂q
< 0,

∂ym∗
s

∂q
< 0,

∂SM∗

∂q
< 0, and

∂Sm∗

∂q
< 0.

Moreover, if bm < bM, then the higher is the fraction of minority students in a classroom, the

lower is the parental effort of both majority and minority students as well as the teacher’s effort,

that is,
∂yM∗

p (q)
∂q

< 0,
∂ym∗

p (q)
∂q

< 0 and
∂yi∗

t (q)
∂q

< 0.

Finally, if bm = bM, then q (the fraction of minority students in the classroom) has no impact on

the test scores of students as well as on the efforts of students, parents and teachers.

8 By assuming that teachers care solely about the total sum of their students’ test scores, we are implicitly assuming
that teachers have no “distaste” for minority students, in the sense that a 1-point drop in student test scores would
decrease teachers’ utility equally regardless of whether the student was a minority or a majority.
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The intuition of these results is as follows. First, observing the classroom composition,
parents and teachers, who maximize students’ test scores, decide on the effort/inputs in their
interactions with the children. Second, students decide their study effort based on the spillovers
they obtain from each other (Proposition 1). Note that students can also respond to parental and
teacher inputs which in turn can lead to additional changes in behaviors of parents and teachers
in a repeated game. Since the minority students are disadvantaged in terms of observable
characteristics compared to the majority students when q increases the average study effort in the
classroom goes down, including that of their own child. It also lowers parents’ effort. Similarly,
the teacher who maximizes the sum of the test scores of all students in their classroom, observes
first the composition of minority and majority students in her classroom. When q increases,
because effort is costly, teachers find it optimal to reduce their effort (their engagement with
students) because students make less effort (i.e., study less). Finally, since students’ test scores
are determined by their own study effort as well as investments of their parents and teachers
and since all these inputs complement each other, an increase in q reduces students’ test scores
(Proposition 2).

Although our model is relatively general, it has two critical assumptions: (i) that bi is
observable and (ii) that bm < bM on average (e.g., higher poverty rates of minority versus majority
students) or in subjective expectation for some agents (e.g., prejudice or discrimination of
teachers against minorities). Therefore, bi most naturally represents demographic characteristics
used in the extant literature (e.g., race, gender, immigration, language) rather than harder-to-
observe ability or disruption (other factors considered in the extant literature). Nonetheless,
through repeated interactions and learning even these harder-to-observe characteristics can
become part of bi.

2.3 Discussing the key assumptions of the model and their implications for the results

2.3.1 Are complementarities sufficient to rationalize minority peer effects?

Our theoretical claim is not that complementarities alone generate negative minority peer
effects. Rather, two conditions are jointly necessary: (i) bm < bM (objectively or in subjective
expectations) and (ii) q-complementarity in the production function. If complementarities
were absent (e.g., additive production), parental and teacher responses would not amplify the
initial student-level spillover. In that case, the model collapses to a standard linear peer model.
Thus, complementarities do not generate minority peer effects by themselves; they explain why
compositional shocks propagate across agents and magnify outcome differences. In this respect,
our framework provides a tractable multi-agent extension of the standard peer-effects model that
highlights how endogenous parental and teacher responses can amplify compositional shocks.

2.3.2 Why does bi not enter directly the production function?

Term bi appears in the utility function (1) but not directly in the production function (7), implying
symmetric test score responses across student types. This modeling choice was deliberate and
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serves two purposes: (i) we interpret bi as the marginal private return to effort—a preference or
incentive parameter—not as innate ability; thus, ability differences affect outcomes indirectly
through effort choices and (ii) this structure implies that ∂Si

∂q < 0, for both i ∈ M,m; thus, the
model predicts similar reduced-form effects of q across groups.

We could extend the production function to include ability differences that affect not only
incentives but also technological productivity. In this case, the production function of education
(7) can be written as

Si = ρAi(yi
s)

α1(yi
p)

α2(yi
t)

α3,

where Ai captures innate group productivity. Under this extension, the absolute score levels
differ by group but the sign of ∂Si/∂q remains negative and the relative magnitude may differ
across groups depending on Ai. Thus, the results in Proposition 2 remain qualitatively the same.

2.3.3 Why student’s gain utility from private effort yi
s rather than from test scores Si?

Each student’s utility is given by (1). We chose this formulation for tractability and transparency.
It implies the linear best response yi

s = bi+φy−i
s , which yields closed-form equilibrium solutions

and allows us to focus on the multi-agent amplification mechanism.

Importantly, this does not mean that students do not value academic achievement. Rather, bi

can be interpreted as the marginal perceived return to effort, which may itself reflect expected
test score gains, parental expectations, or teacher incentives. In other words, the student problem
is already a reduced-form representation of a deeper objective.

We justify this choice by micro-founding the student problem from test-score utility. Suppose
instead that students maximize:

Ũ i
s = θ

iSi − 1
2
(yi

s)
2 +φyi

sy
−i
s ,

where θ i measures how much the student values academic achievement. Substituting Si from
the production function (7), we obtain the following first-order condition:

θ
i
ρα1(yi

s)
α1−1(yi

p)
α2(yi

t)
α3 − yi

s +φy−i
s = 0.

Linearizing around equilibrium yields:

yi
s ≈ b̃i(yi

p,y
i
t)+φy−i

s ,

where
b̃i(yi

p,y
i
t) = θ

i
ρα1(yi

p)
α2(yi

t)
α3.

The first-order condition is similar to (2) but this is a more structural formulation in which the
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parameter bi is endogenous and depends on parental and teacher effort.

2.4 Competing models generating similar comparative statics

The negative comparative statics result

∂S∗i (q)
∂q

< 0,

i.e., that an increase in the share of minority students in the classroom reduces test scores of
both majority and minority students, is not unique to our multi-agent complementarity model.
Several alternative or complementary theoretical mechanisms could generate such reduced-form
patterns. Here, we briefly discuss these explanations and clarify how our framework relates to
them and how the empirical evidence helps distinguish among them.

(1) Mechanical ability composition

The first alternative generates purely mechanical result. Suppose student achievement depends
directly on average peer ability: Si = β0 +β1b̄−i + εi, where b̄−i denotes average peer baseline
ability. If minority students have lower baseline skills on average, then increasing q reduces b̄−i

and thus lowers Si, even in the absence of any behavioral responses. This channel captures what
is sometimes referred to as “contextual effects” (Manski, 1993) in the peer-effects literature.
While this mechanism is plausible, it implies that classroom composition affects outcomes solely
through predetermined characteristics. In contrast, although we do find some support for this
mechanism, our empirical results show that exposure to minority peers also reduces student
effort, parental investments, and teacher engagement. These endogenous behavioral responses
suggest that mechanical ability composition alone cannot fully account for the observed patterns
(this is different from e.g., Hoxby and Weingarth (2005) where these “contextual effects” are the
primary driver of reduced form estimates).

(2) Teacher reallocation or resource substitution

A second plausible mechanism emphasizes teacher behavior directed at different students. When
the share of disadvantaged students increases, teachers may reallocate attention toward them,
effectively reducing time or instructional quality available to majority students. Formally, one
could model teacher effort toward majority students as yM

t = T (q), with T ′(q)< 0, which would
mechanically reduce SM even without spillovers.

This theory has two important predictions that differ from ours. First, it predicts redistribution
of effort across students rather than a decline in total teacher engagement. Second, it does not
naturally imply parental responses. In contrast, our data show reductions in aggregate teacher
engagement and in parental investments, consistent with equilibrium effort adjustments rather
than simple within-class redistribution. Given that we do not have group-specific investment
information, we acknowledge that this channel could be partially responsible for the remaining
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unexplained portion of the estimated treatment effect.

(3) Taste-based discrimination or prejudice

Another mechanism could involve taste-based preferences against minority students for teachers
or students. Teacher utility could then be written as U i

t = ∑i Si −ψqyi
t , where ψ > 0 is the taste

for discrimination. In this case, teacher effort yi
t would decline as minority share increases.

Our framework can accommodate such mechanisms through expectations (i.e., if bm < bM

holds in perception). However, pure taste-based discrimination does not necessarily generate
parental responses or student effort adjustments unless combined with complementarities in
production. The multi-agent structure of our model therefore embeds prejudice-based chan-
nels within a broader equilibrium system, and explains how tastes from one agent can create
behavioral responses in others.

(4) Relative rank or competitive incentives

Students may care about their relative standing rather than absolute performance. If utility
depends on rank or deviation from classroom mean, changes in classroom composition could
alter competitive incentives. In such models, increasing q could reduce competitive pressure (if
minority students have lower baseline achievement) and thereby reduce effort. Relative-rank
models often imply heterogeneous effects across the ability distribution, potentially benefiting
high-achieving students while harming lower-achieving ones. In contrast, under our baseline
specification, the effect of q operates through complementarities and therefore tends to affect all
students in the same direction, consistent with our empirical finding that the interaction term in
Equation (21) is small.

(5) Disruption or congestion channels.

Higher shares of minorities could also reduce effective instructional time if classrooms become
more difficult to manage: Si = g(T (q)), with T ′(q) < 0, where T (q) captures instructional
quality or classroom order. While this mechanism can generate negative effects on achievement,
it does not directly predict parental effort responses or strategic complementarities among
agents. In contrast, our model explicitly links student, parent, and teacher behaviors through
q-complementarities in the production function.

In sum, we do not claim that our model is the only possible explanation for negative peer
effects. Rather, our contribution is to provide a tractable multi-agent framework that highlights
how compositional shocks can propagate across students, parents, and teachers through comple-
mentarities in the education production process. The empirical support for our modeling choices
comes from our findings that exposure to minority peers reduces: (i) student study effort, (ii)
parental investments, (iii) teacher engagement, and that these endogenous responses appear to
explain a substantial share of the total test-score effect.
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Taken together, these patterns are more consistent with an equilibrium amplification mecha-
nism than with purely mechanical ability composition, simple teacher redistribution, congestion
effects, relative-rank effects or isolated prejudice channels. Our model therefore serves as an
organizing framework that embeds several of these mechanisms within a unified structure while
clarifying the role of endogenous responses in generating observed spillovers.

3 Institutional Setting

3.1 Education in Taiwan

Compulsory education in Taiwan starts with primary school at age 6 and ends with junior high
school around age 15, however, approximately 95 percent of students continue their education
with either General or Vocational Senior High School or Junior College. The educational
curriculum is developed centrally by the Taiwanese Ministry of Education and has no tracking
during the compulsory stage of education. It is centered around sciences and mathematics
which is often credited as the reason why Taiwanese pupils are consistently placed at the top of
international educational rankings (e.g., 4th out of 72 countries in PISA 2015 in mathematics
and science). Since the 1990s, public junior high schools have been managed at the municipal
level and most students are assigned to and attend their local-catchment area school.

Crucial for our identification strategy, students are randomly assigned to classrooms within
junior high schools as mandated by the central government in the Implementation Guideline

for Class Assignment of Junior High School Students, which was the relevant legislation at the
time.9 The regulations describe in detail the procedure for forming classrooms in junior high
schools and the invigilation arrangements made by municipal and county governments ensuring
that the mandate is followed. The assignment of students to classrooms within schools is often
referred to as “mixed-ability class grouping” or grouping for short. Junior high schools are
required to implement and maintain this grouping in all grades. The grouping is conducted
by municipality, city, or county government, or by each school if given approval to handle the
process itself. There are three approved algorithms for assigning students to classrooms: (1) by
“giving the students a test and then forming each class using an S-sequence listing of all the test
scores”; (2) by a public drawing of lots; or (3) by using computer random number generation.10

Within seven days of student assignment, the school allocates homeroom teachers (“Dao Shi”)

9 This regulation was later superseded by Article 12 of the Primary and Junior High School Act in 2004.
10 The S-sequence listing assignment refers to sorting of all students in a school by test performance and then
sequentially assigning the best-performing student to Classroom 1, the second-best performing student to Classroom
2, and so on, returning to Classroom 1 after a student has been assigned to each available classroom. There is
strict invigilation of these procedures, including the formation of “classroom grouping promotion committees”.
Schools that have been approved to handle the grouping themselves are subject to the same regulation, need to
publicly announce the grouping process date and time, invite parents as observers, and have the process supervised
by local government personnel. Incoming or transfer students are assigned to classrooms based on drawing of lots
or randomly generated numbers. If the number of classrooms is changed over time, which is uncommon, the new
classrooms should also be generated by the same procedure.
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by public drawing of lots in a procedure invigilated by representatives of the teacher and the
parents associations.11 Implementation of the guidelines is high stakes as it is a major item
monitored when conducting school evaluations as well as performance assessment and selection
of principals. Although education in schools with a significant presence of Indigenous students
is further regulated by the Education Act for Indigenous Peoples, importantly this act does not
allow for exceptions to the random assignment of students to classrooms in junior high schools.

Exceptions from following the institutionalized randomization exist, however, and some
schools may open arts, music, sports/physical education or gifted classrooms with authorization
from the relevant authorities. In those schools some students can be assigned to these special
classrooms and the remainder of students are randomly assigned to the regular classrooms.
To address this issue, we adapt the algorithm of de Gendre and Salamanca (2024) to detect,
characterize, and remove non-complier schools. This procedure identifies 19 schools where
students are unlikely to be randomly assigned to all classrooms.12 Classroom assignment is
permanent for almost all students in the sense that, net of extraordinary circumstances like
moving to a different municipality or (physical) conflict within a classroom, students typically
remain with their initially assigned classmates throughout all three years of junior high school.
In Section 6.2 we discuss evidence that this is the case.

3.2 Minorities in Taiwan

The population of Taiwan is approximately 23 million, mostly descendants of Han Chinese who
do not constitute a homogeneous group. While the vast majority of them are Hoklo descendants
from Fujian (approximately 70%), there is a significant minority of Hakka descendants mostly
from eastern Guangdong (approximately 15%). The remaining Han people are Waishengren
(approximately 10%), which defines individuals who migrated from mainland China to Taiwan
between 1945 and 1949 during the relocation of the Republic of China government.

Indigenous Peoples of Taiwan are the minority group of interest in this paper. They are the
native inhabitants of the island of Taiwan, and descend from those who lived on the island as
far as 6,000 years ago. Although there are many distinct tribes of Indigenous Peoples, with
their own histories and customs, the Taiwanese government officially recognizes 16 groups

11 Dao Shi are highly involved homeroom teachers that teach, guide and mentor their students throughout junior
high school (Cobb-Clark, Salamanca and Zhu, 2019). They are also expected to get to know each student personally,
especially those experiencing disadvantage, and to use this relationship to support their students’ academic
performance. Finally, homeroom teachers are also parents’ first port of call for discussing their children’s academic
performance e.g., they are available for parental phone calls outside of school hours and may visit students at home.
One of our measures of teacher engagement pertains to Dao Shi’s assessment on how hard it is to manage their
home classroom.
12 Using our data, we confirmed that in these schools students are 1.4 times more likely to report being in a gifted
class for science and 1.5 times more likely to report being in a gifted class for art. These 19 schools, out of 333 in
the full TEPS sample, serve only 1,083 students out of the 20,055 in the data, or a little over 5%. For comparison,
we also exclude 159 schools with 8,920 students, representing about 44% of the sample, because these schools do
not have any Indigenous students and thus do not contribute identifying variation to our key regressor.
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within this broader Indigenous umbrella. The share of Indigenous students among school-age
children is about 4%, however, they are not distributed evenly across the country. Appendix
Figure D.1 presents the fraction of 10 to 14 year old children who are Indigenous by county of
residence. The vast majority of those children live in the eastern parts of Taiwan, where their
concentration is as high as 45%, but there is also a non-trivial share of Indigenous children living
in counties surrounding Taipei —the capital. The vast majority of Indigenous Peoples are fluent
in Mandarin and many of them speak at least one Indigenous language. Yet they are culturally
and physically distinct, and disadvantaged compared to other groups in Taiwan.

Hoklo are primarily descendants of people from southern Fujian who migrated to the island
before the start of the Japanese occupation in 1895, with early migrations starting at the beginning
of the 17th century. They have the strongest sense of Taiwanese identity among the three Han
Chinese groups. For example, in 1999, 75% of Hoklo identified as exclusively Taiwanese, while
this share was 58% and 32% for Hakka and Waishengren, respectively (Tsai, 2007). Many
Hoklo people are bilingual, speaking both Mandarin (the most commonly spoken language in
Taiwan) and Taiwanese Hokkien (also called Taiwanese Hoklo).

Hakka are primarily descendants of people who migrated from the Guandong province of
China in the mid-17th century, at the end of the Ming dynasty and the beginning of the Qing
dynasty. Historically, the Hakka faced discrimination from other Chinese ethnic groups that
sometimes led to violence, both in mainland China and in Taiwan (e.g., mass-killings in Hakka
villages). The Hakka likewise speak a distinct language which is not mutually intelligible with
Mandarin. Hakka and Hoklo have similar demographic and socioeconomic characteristics and,
despite clear cultural differences, the two groups are relatively close to one another. The cultural
differences resonate especially in food, architecture, arts and crafts but also in social behaviors
and hierarchies.

Waishengren are predominantly Han Chinese descendants of Chiang Kai-shek’s retreating
army, who arrived from mainland China between the end of World War II in 1945 and the end
of Chinese Civil War in 1949. For this reason they are sometimes refereed to as “mainlanders”
and we use the two terms interchangeably. They likewise have similar characteristics to Hoklo
and Hakka.

In our main analyses, we consider all three Han Chinese groups as the majority. We exclude
children of individuals from other countries which is an irrelevant share of observations in our
data. In a separate placebo analysis, we use Hakka as another minority group that is culturally
distinct but observationally similar to the other Han Chinese groups.
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4 Data

We use secondary data from the Taiwanese Education Panel Survey (TEPS), a project funded
by the Taiwanese Ministry of Education, the National Science Council, and the Academia
Sinica which was designed and executed by a multidisciplinary research team. The TEPS is
a nationally representative longitudinal survey of the education system in junior high school,
senior high school, vocational senior high school, and junior college. It is a multi-respondent
survey, collecting linked information on students, parents, teachers, and school administrators.

We focus on the junior high school sample of the TEPS because it allows us to measure
student ability and educational inputs paired with random assignment to classrooms in Grade
7. The TEPS junior high school sample includes information on more than 20,000 students,
their parents, their teachers, and their school administrators over two waves. The first wave was
collected in early September 2001 at the very beginning of students’ first year of junior high
school, and right after their random assignment to classrooms within their school. The second
wave was collected in 2003, at the beginning of the students’ last year of junior high school.

There are three key features of the TEPS that make it useful for our study. First, its sampling
framework allows us to observe a random sample of classmates in each junior high school
classroom included in the survey. TEPS followed a stratified nested sampling procedure where
first 333 randomly selected junior high schools were sampled (45 percent of all junior high
schools in the country at the time), with sampling strata for urban and rural areas as well as
public and private schools. In each of these schools on average three classrooms of first-year
junior high school students were then randomly sampled. In each of the classrooms, a minimum
of 15 students were then randomly sampled. Since the mandated maximum class size at the
time was 35 students per class, this generally amounts to observing approximately a randomly
chosen half of the classroom. In the case of schools with many Indigenous students and schools
severely affected by the 1999 Jiji earthquake, entire classrooms were sampled.13 The sampling
and random selection of students was done by the research team and neither teachers nor
administrators took part in this process.

Second, students in the TEPS take a standardized test in waves 1 and 2 called the Comprehen-
sive Analytical Ability test. It measures students’ cognitive ability and analytical reasoning, and
was specifically designed to capture gradual learning over time. The test contains 75 multiple-
choice questions, covering general reasoning, mathematics, Mandarin and English. Some of the
questions were adapted from other international standardized tests and some were developed by
education and field experts in Taiwan. This is a low-stakes test constructed for the purpose of the

13 This sampling framework is similar to that of the National Longitudinal Study of Adolescent to Adult Health
(Add Health), a panel study of middle and high school pupils in the United States (see e.g., Calvo-Armengol,
Patacchini and Zenou, 2009, Bifulco, Fletcher and Ross, 2011, Card and Giuliano, 2013, Elsner and Isphording,
2017, Patacchini, Rainone and Zenou, 2017, Agostinelli, 2018).
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survey, which has no bearing on student’s subsequent academic careers. Importantly, however,
the tests were administered by the research team, they were externally graded and the scores
were not disclosed to either students, parents, teachers or school administrators. The main goal
of the test was to accurately measure children’s academic achievement. The anonymity and
low-stakes characteristics of the test reduce concerns that students might be differently affected
by test-taking stress itself. We standardize these test scores to have a mean of 0 and a standard
deviation of 1 in each wave of the test.14

Third, the TEPS provides a wealth of questions measuring student behavior, attitudes and
beliefs in and outside the school environment, parent-child interactions and parental investments,
as well as detailed information on teachers. We use this information to construct summary
indices of student, parent, and teacher productive effort and engagement. Specifically, using
ridge regression, we estimate predictive models of wave 2 test scores with student, parent
and teacher wave 2 inputs (Hastie, Tibshirani and Wainwright, 2015, Ch. 4), each considered
separately for a total of three models. The predictors include:

• For students: time at school, in-school tutoring time, at-home study time, time spent on the
internet for homework, and school or tutoring time during summer holidays.

• For parents: tutoring time hired outside school and tutoring expenditures, as well as dinner
time interactions, active listening and communication, emotional support, and acceptance
(all of these separately measured for both parents).

• For teachers: Ease of management of the classroom (measured for the Dao Shi), as well as
frequency of exams and quizzes, homework, exam reviews and debriefing, and extracurricular
individual tutoring (all of these separately measured for the Chinese, English, and Math
teachers).

Ridge regression models penalize the sum of squared regression coefficients on these pre-
dictors, which shrinks them but never zeroes them out. The shrinkage controls for overfitting,
typically yielding more accurate and more stable out-of-sample predictions than ordinary least
squares when predictors are plentiful and correlated. We estimate these models using residu-
alized predictors i.e., instead of directly regressing outcomes on predictors, we regress their

14 It is reasonable to ask if the low-stakes tests we use are predictive of any meaningful outcomes. To the extent
that they are inconsequential for students and teachers, we might expect lesser effort compared to high-stakes tests.
This could be viewed either positively since it reduces incentives for manipulation or negatively if students do not
exert effort reflecting their true cognitive ability. We are less concerned about the latter as Gneezy et al. (2019)
show that Chinese students, unlike their US counterparts, tend to exert effort even on low-stakes tests. Although we
use Taiwanese data, we note that Taiwan like Shanghai (and unlike the US) ranked very high in the 2018 PISA
test. Furthermore, in Appendix Table D.2 we show that wave 2 test scores are strong predictors of future academic
and labor market success. For example, one standard deviation increase in test scores is associated with a 26.3
percentage points increase (53%) in the likelihood of being enrolled or having finished university by 2009 and a
11.2 percentage point increase (24%) in the likelihood of earning above-median income in 2013 for those employed.
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residuals from pre-processing OLS regressions on wave 1 test scores and school fixed effects,
following intuition from the Frisch–Waugh–Lovell theorem. We then use predicted values from
these models as our summative indices. These indices can therefore be interpreted as measures
of test score value added anchored in student, parent and teacher inputs, and they are scaled in
predicted standard deviations units of wave 2 test scores. To avoid simultaneity, we estimate
our ridge regressions in the subset of TEPS schools with no Indigenous students, which are
naturally excluded from our estimation sample. Appendix B provides further details on the
index construction process, as well as validation exercises and performance assessments.

With a similar approach, we also construct summary indices of pre-assignment characteristics
and investments of students, parents, and teachers that are predictive of test scores in wave 1.
We use these indices in balancing tests to show evidence of conditional random assignment of
Indigenous peers to majority students within schools (see Table 1). By also including these
as additional controls in our preferred specifications, we generally obtain mild increases in
statistical power. Appendix B provides more details on the construction and validation of these
pre-assignment engagement indices.

The data also includes rich demographic information on students and their parents which
allows us to assign students to minority (at least one parent is Indigenous) and majority (the
remainder of the sample excluding children of foreign born parents or those who themselves are
foreign born) groups.15

The entire TEPS data includes 20,055 students from 1,244 classrooms in 333 schools, yet in
our analyses we impose the following restrictions. First, we drop 341 students whose parents
are migrants from other countries. Second, we remove 159 schools (with 8,920 students in 585
classrooms) where there are no Indigenous students sampled in the data since these schools do
not contribute identifying variation to the classroom share of Indigenous peers. Third, we drop
1,194 students with missing data on our key measures (test scores in either wave, Indigenous
status, or the share of Indigenous peers). Finally, using the algorithm developed in de Gendre and
Salamanca (2024) we drop 19 schools (with 1,083 students in 71 classrooms) where we detect a
failure to randomly assign Indigenous students to classrooms (see Section 6.2 for discussion of
balancing tests and Section 3.1 for exceptions from random assignment). This leaves us with a
main analysis sample of 8,517 students assigned to 588 classrooms in 155 schools (Table D.3
columns 1 vs. 2). In some analyses we use slightly fewer observations due to missing outcome

15 There are two limitations of the TEPS. First, although some of the junior high school students are longitudinally
followed well into early adulthood, the full panel is only observed at the beginning of the first and the last year of
junior high school. This is due to the survey design where only a selected subsample of junior high school students
were intended to be followed in subsequent waves. Second, we cannot observe initial admission rosters into junior
high schools, as these data were not collected in the TEPS. Since there is strict invigilation, public information and
enforcement of classroom grouping (see Section 3.1) the differences between the originally rostered classrooms
and classrooms sampled in the TEPS are likely minimal. In any case, early selectivity related to the assignment of
minority students to classrooms within schools should be detected in our balancing tests.
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data. In Section 8 we document that our results are robust to alternative sample choices and to
re-weighting to the characteristics of the entire TEPS sample.

5 Connecting Institutions and Data with the Model

Using Propositions 1 and 2, we can now establish the impact of q, the fraction of minority
students in a classroom, on Si, the test score of student i who can be either Han Chinese (M) or
Indigenous (m). For that, recall that in Section 2, we derived the equilibrium values of yi∗

s (q)

(given by equations (5) and (6)), yi∗
p (q) (given by equations (14) and (15)), and yi∗

t (q) (given by
equation (18)). Recall also that plugging these into equation (7), we obtain

Si∗(q) = ρ
(
yi∗

s (q)
)α1 (yi∗

p (q)
)α2 (yi∗

t (q)
)α3 . (19)

Finally, by assuming that bm < bM and taking the partial derivative of Si∗(q) with respect to q

we obtain
∂Si∗(q)

∂q
< 0, (20)

which just restates one of the key results of Proposition 2. In words, our model predicts
that due to the negative effects of exposure to minority students on study effort of students,
investments of parents and inputs of teachers, which are all q-complements, an increase in the
share of minority students in the classroom decreases test scores of all students.

Before delving into the econometric analysis, we explain how this model matches our institu-
tional setting. First, in the model, the majority group (type M) corresponds to the Han Chinese
while the minority group (type m) refers to the Indigenous Peoples of Taiwan (see Section 3).
Second, the key assumption to obtain the results in Propositions 1 and 2 is that bm < bM, that
is, minority students have worse observable characteristics than majority students, which is
verifiable with the data. Indeed, Appendix Table D.3 shows that the Indigenous students are
much more disadvantaged than the majority students: they have a 0.72 SD lower baseline scores,
11 pp lower university aspirations, and 8 pp lower subjective expectations about going to college.
In addition, 30% of them come from families in the lowest income bracket (compared to 11% for
the majority), 80% of them have parents with low level of education (compared to 71% for the
majority), 60% of them have parents who had financial difficulty in the past 10 years (compared
to 28% for the majority), and there is even a 28 pp gap in the likelihood that their parents report
being in good health. Although attenuated, these differences hold when we include school
fixed effects—effectively using only the quasi-experimental variation that identifies our causal
estimates.

For our main analyses, we consider all Han Chinese as “the majority”. We take this approach
even though, as explained in Section 3, in Taiwan there are two types of minorities officially
recognized by the government: the Hakka and the Indigenous Peoples of Taiwan. However, as
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shown in Appendix Table D.4, Hakka and Hoklo have similar demographic and socioeconomic
characteristics; i.e., the two groups are observationally close to one another and therefore the
assumption that bm < bM does not hold for the difference between Hoklo and Hakka students.16

One inconsequential simplification in our model is that bm < bM needs to be observed by the
students, parents, and teachers. Our theory, however, carries forward when these differences
hold in expectations, even in the absence of actual differences in student endowments. That is,
our models’ predictions will hold if minority students are expected to be worse than majority
students, even if their actual characteristics are similar.17

We argue that systematic differences in how Indigenous students are perceived by others are
one plausible mechanism behind our results. Although in our data we do not observe perceptions
of students or parents, we do have information that allows us to test whether teachers appear
prejudiced against Indigenous students. Specifically, homeroom teachers were asked to rate
each student’s problem-solving abilities at the beginning of the school year, before having
the opportunity to meaningfully interact with them. They rated students’ abstract and logical
thinking ability as “Excellent”, “Above average”, “Average”, “Below average”, ‘Poor”, and “I
don’t know”. We combine the first two categories to create a discrete measure of whether the
homeroom teacher believes a student has an above-average abstract and logical thinking ability.
We then use this indicator variable to compare teachers’ subjective expectations about minority
and majority students.18

We present those results in Appendix Table D.1. Column 1 shows that, on average, teachers
rate Indigenous students 12 pp lower than the majority students. This gap only increases when
we control for school fixed effects (column 2) and leverage the random allocation of students
to teachers within a school. Given that in Appendix Table D.3 we have documented large
“objective” differences in ability between these two groups of students, it may be that differential

16 Appendix Table D.4 also shows the sharp insularity of the different groups in terms of their spoken languages.
Most students in all groups are fluent in Mandarin, though Indigenous students less so than others (88% compared
to 92% for Hakka and Hoklo and 95% for Mainlander). Over 40% of the Hoklo students and about a quarter of
the Hakka and Mainlander students are also fluent in Taiwanese Hokkien, compared to only 10% of Indigenous
students. Furthermore, 17% of Hakka are fluent in their native language while 29% of Indigenous students are
fluent in their native languages. Importantly, both of these languages are very rarely spoken by children outside of
these groups. Namely, only 1% of Hakka, Mainlander, and Hoklo speak Indigenous language and similarly low
percentages of non-Hakka students can speak Hakka.
17 Many Indigenous Peoples of Taiwan have different physical appearance than Han Chinese although the degree of
this contrast will differ depending on a specific Indigenous group as well as associated non-physical attributes of
daily life such as clothing or rituals. Similarly, in the US context, individuals who identify as African-Americans,
Asian or Hispanic are most often physically different from White Americans. These differences would allow
students, parents and teachers to ascribe “group-specific expectations” to minority students even if they observe
little else about them.
18 We code “I don’t know” responses as missing values in these analyses. An alternative would have been to include
these as zeros, which would effectively impute teacher uncertainty as considering the student to be of below-average
ability. None of our results hinge on this choice. In the data 2% of students are rated as “I don’t know” and this
fraction is only slightly higher for Indigenous (3.2%) than for Han Chinese (1.9%) students.
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perceptions are explained by true achievement differences. Column 3 verifies this and indeed
the Indigenous penalty declines by about two-thirds. Nonetheless, the gap of 5 pp (or over 16%
of the sample mean) remains statistically significant at conventional levels. At the same time,
test scores are, as expected, positively correlated with teacher perceptions which suggests that
(even early on) teachers can to some degree identify which students will or will not perform well
academically. Finally, in column 4, when we include an interaction term between baseline test
scores and the Indigenous dummy we find that it is negative and statistically significant. This
means that teacher perceptions are less closely mapped to the ability of Indigenous students than
to the ability of majority students, which can be viewed as another form of prejudice. These
findings are consistent with teacher’s systematic negative perceptions about Indigenous student’s
ability and prejudice against them, and support the fact that bm < bM holds also in teachers’
subjective expectations.

One concern could be that teachers discriminate against all minority students (not necessarily
only Indigenous). To address this concern, in Panel A of Appendix Table D.5 we show that
similar bias does not exist for Hakka students. In fact, teachers systematically have more positive
perceptions about the problem-solving abilities of Hakka students, whether we ignore school
fixed-effects (Column 1) or absorb them (Column 2). Controlling for student academic aptitude
(Column 3) reduces the favorable expectations to an insignificant 1 pp, and the interaction
between the Hakka indicator and baseline academic achievement (Column 4) is small and
insignificant, showing there is no differential ability updating. These results indicate that, unlike
for Indigenous students, teachers hold accurate perceptions about Hakka students.

Another concern could be that teachers cannot accurately assess the potential ability of low-
achieving students, some of which are Indigenous. Panel B of Appendix Table D.5 largely dispels
this concern. Teachers, on average, do not perceive students with similar levels of disadvantage
as Indigenous students as having lower ability (Columns 1 and 2). In fact, conditional on
wave 1 test scores, teachers perceive synthetic Indigenous students as having a higher ability
(Column 3). Moreover, and in contrast to estimates for Indigenous students, teachers do not
differentially update their beliefs in response to the ability of disadvantaged students (Column
4). Overall, we view these results as supporting the notion that teachers have particularly biased
expectations about the academic potential of Indigenous students, which is consistent with
differential subjective expectations, as captured in our theory.
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6 Empirical Strategy

6.1 Estimating Equation

In order to evaluate the effects of exposure to minority students in the classroom, we bring our
theoretical model to the data, which expressed in a linear form can be written as:

Scoreiscw2 = α1 +α2%Indigenous−i
iscw1

+α3Indigenousi +α4%Indigenous−i
iscw1

× Indigenousi

+δXiscw1 + γsw1 + εiscw2,

(21)

where i stands for student, s for school, c for classroom, w1 for the start of grade 7 (our
baseline) and w2 for the start of grade 9 (when we measure our outcomes). All our models
include wave 1 school fixed effects (γsw1), which restricts our identifying variation to across-
classrooms and within-schools—that is, the level of randomization that the policy imposes. In
our main specifications, we also include pre-assignment control variables, Xiscw1 , which include
students’ test scores at the baseline as well as number of standard observable characteristics
of students and parents. Thus, our preferred results have a value-added interpretation: holding
constant achievement in grade 7, what is the effect of being exposed to more Indigenous students
on test scores in grade 9? Since, in the main specifications, we run these regressions on a
full sample of students, rather than just for the majority students, we also include student’s
own Indigenous status dummy and its interaction with the share of Indigenous students. We
cluster standard errors at the level of the classroom in wave 1, because this is the level at which
randomization occurs.19 Our main coefficient of interest in Equation (21) is α2, which represents
the causal effect of exposure to Indigenous students in the first two years of junior high school
on grade 9 test scores of majority students.20 Note that Scoreiscw2 corresponds to Si in our
theoretical model, %Indigenous−i

iscw1
to q and Xiscw1 to bm and bM. Thus, our model predicts

that α2 should be negative and statistically significant, as per Proposition 2. Furthermore, α4

should be close to zero and statistically insignificant if Indigenous and non-Indigenous students
are affected in similar way by an increase in q. We opt for using share of Indigenous students,
ranging between zero and one, rather than an indicator for any Indigenous student, in our main
specification because it is closer to both our theoretical model and previous research, and because
it uses all of available variation (at extensive and intensive margins) in exposure to Indigenous

19 Our conclusions remain unchanged if we instead cluster at the school-level, only marginally increasing the
standard error of our treatment effect (column 3 of Table 2) from 0.131 to 0.150. Clustering standard errors at the
school level allows for correlated errors across classrooms. We reach the same conclusions if we consider empirical
p-values based on randomization inference (see Appendix Figure D.2).
20 We focus on linear-in-means model in this paper but one could also consider alternative models proposed by
Hoxby and Weingarth (2005). Many of these models are more suitable to studying ability peer effects rather than
minority peer effects which is the focus of our work; especially given that most variation in our sample comes from
the extensive margin. Almost 60% of our classrooms have no Indigenous students, 27% of classrooms have only
one Indigenous student, and only about 13% of classrooms have two or more Indigenous students.
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peers. We report results distinguishing the two sources of variation in Section 8.

6.2 Identifying Assumption: Random Assignment to Classrooms

Our identification strategy exploits the random assignment of students to classrooms. This
means that the variable %Indigenous−i

iscw1
will be independent of the error term conditional on

school fixed effects (i.e., εiscw2 ⊥⊥%Indigenous−i
iscw1

,γsw1). To support the assumption of random
assignment, in Panel A of Table 1 we first show that Indigenous students are not systematically
assigned to the same classrooms within schools. To do this we use diagnostics developed by
Guryan, Kroft and Notowidigdo (2009) and Jochmans (2023) which detect whether Indigenous
students are being assigned to specific classrooms with other Indigenous students in violation of
random assignment. Neither test can reject the null hypothesis of no systematic sorting.

Table 1: Sorting and Balancing Tests: Correlations between Pre-Assignment Characteristics and Exposure
to Indigenous Students in the Classroom

Obs.

Guryan et al. (2009) 8,517
Jochmans (2023) 8,517

Treatment: 

S.D. Coef. Std. err. Obs.
Outcomes:
  Pre-assignment test scores 0.97 0.076 (0.220) 8,517
  Index of pre-assignment productive:
    Student characteristics/investments 0.14 -0.024 (0.029) 8,376
    Parent characteristics/investments 0.34 0.078 (0.077) 7,694
    Teachers characteristics 0.04 0.007 (0.035) 7,729

  LHS test of joint balancing (p-value)

Panel A: Sorting tests of Indigenous students to classes within schools

Panel B: Balancing tests

t -statistic

0.341

Share of Indigenous 
peers

1.07
1.04

Panel A shows sorting statistics test from Guryan, Kroft and Notowidigdo (2009) and Jochmans (2023) that test the null hypothesis that
Indigenous students are equally likely to be assigned to classrooms with other Indigenous students within schools. The critical values for
these tests are those of the t-distribution. Panel B shows estimates from regressing standardized student test scores in wave 1 and indices of
pre-assignment productive characteristics/investments of students, parents, and teachers on the classroom share of Indigenous peers in wave 1,
with school fixed effects. Pre-assignment indices are constructed as described in Section 4 and scaled in predicted standardized test score units.
LHS test of joint balancing refers to the F-test of all covariate significance from a regression of Indigenous peers on student test scores in wave 1
and all pre-assignment indices with school fixed effects, as suggested by Pei et al. (2019). Standard errors clustered at the classroom level in
parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.

In Panel B of Table 1, we also show that the classroom leave-out-share of Indigenous students
is uncorrelated with characteristics of students, parents, teachers or with test scores at the
baseline. Each coefficient in this panel comes from a separate regression based on modified
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Equation (21) where we regress the pre-assignment index/test scores on %Indigenous−i
iscw1

and
school fixed effects, and we exclude all other controls.21 We find statistically insignificant and
mixed signed associations for all of the pre-assignment indices as well as test scores with effect
sizes never exceeding 0.8% of a SD for a 10 pp increase in the fraction of Indigenous students.
Furthermore, three out of the four estimates are signed in an opposite direction to our main
findings suggesting, if anything, a downward bias.22

Finally, we implement the “left hand side” test of Pei, Pischke and Schwandt (2019) by
regressing %Indigenous−i

iscw1
on all pre-assignment indices as well as baseline test scores (and

school fixed effects) and testing the joint significance of all regressors. This test also fails to
reject the null of balanced sample with p-value equal to 0.341. Taken together, these results
indicate compliance with the mandate of random assignment of students to classrooms within
schools in our estimation sample, and thus support the identifying assumption.23

7 Results

7.1 Effects of classroom exposure to Indigenous students on test scores

We first estimate the effects of exposure to Indigenous students on test scores. This is akin to a
standard linear-in-means models augmented with random assignment of minorities to classrooms
and we present these results in Table 2.

We first note that, conditional on own test scores measured at the baseline, adding pre-
assignment indices does not substantively affect the point estimate of interest (column 2 versus
column 3). This is expected given the balance documented in Table 1. On the other hand, there
is a modest difference in effect sizes with column (1), where we do not control for own test
scores. This difference is driven by very strong correlation between test scores in waves 1 and 2
paired with virtually non-existent correlation between the share of Indigenous students and wave
1 test scores. Since the omitted variables bias formula multiples these two correlations, even
a small imbalance in baseline test scores (due to e.g., sampling variation) would be magnified
by a strong correlation between wave 1 and wave 2 test scores. Overall, we view the point

21 We can augment these tests to allow for differential effects for Indigenous and non-Indigenous students. In
these regressions, among 3 level and 3 interaction coefficients none is statistically significant at conventional levels.
We can also test for balancing in each individual pre-assignment characteristic and find small effects statistically
indistinguishable from zero for most of the 54 tests. The few tests where we can reject the null suggest mild
imbalances in subject matter teacher pre-assignment characteristics that are not predictive of test scores.
22 Sample sizes differ across outcomes due to missing values. Conclusions are unchanged if we force the sample to
be stable across outcomes.
23 Another potential concern could be selective attrition (i.e., if exposure to minorities affects the likelihood of
being observed in the second wave of TEPS). The national mandate to keep classroom grouping throughout junior
high school somewhat limits the scope of this concern. Nevertheless, we verify that in our sample 98% of students
remain in the same school and, conditional on remaining in the same school, 96% of students also remain in the
same classroom two years after the beginning of junior high school. Indigenous students are no more likely than
majority students to change either schools or classrooms, however the share of Indigenous peers is uncorrelated
with the likelihood that students remain in their assigned classroom given that they remain in the same school.
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estimates of -0.299 (with a p-value of 0.16) and -0.392 (with a p-value smaller than 0.01) as
qualitatively similar. Importantly, as expected, including baseline test scores meaningfully
shrinks the standard errors on our coefficient of interest.

Table 2: Main results: The Effects of Exposure to Indigenous Students in the Classroom on Test Scores

Outcome [std]:

Share of Indigenous peers -0.299 -0.392*** -0.405*** -0.405***

                              (0.215) (0.140) (0.131) (0.137)

Indigenous peers × Indigenous 0.000

(0.086)

Pre-assignment test scores   

Pre-assignment indices  

R
2 0.15 0.62 0.63 0.63

Schools 155 155 155 155

Classes 588 588 588 588

Students 8,517 8,517 8,517 8,517

Test scores in W2

This table shows estimates from regressing standardized student test scores in wave 2 on the classroom share of Indigenous peers in wave 1 (and
its interaction with an Indigenous student dummy in the rightmost column). All regressions include school fixed effects. Pre-assignment indices
refer to indices of pre-assignment productive characteristics/investments of students, parents, and teachers, constructed as described in Section 4.
Controls are always interacted with an Indigenous student dummy. Standard errors clustered at the classroom level in parentheses. ***, ** and *
mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.

In our preferred specifications, we find statistically significant negative effects from exposure
to Indigenous students on test scores (Columns 3 and 4) matching Equation (20). A 10 pp
increase in the share of Indigenous students in a classroom reduces test scores of other students
by 4.0% of a standard deviation.24 In our data 60% of classrooms have no Indigenous children,
27% have just one Indigenous child while the remaining 13% have more than one Indigenous
child. Given the share of Indigenous students (and of other minorities in contexts outside of
Taiwan) in the population, it is perhaps more informative to interpret our magnitudes as adding
a single Indigenous student into a classroom. The maximum mandated class size in junior
high school in Taiwan is 35, and thus adding one Indigenous child would increase the share of
Indigenous peers by at least 2.9%, which translates into a modest negative effect of 1.2% of a
standard deviation. Although appearing small, this average effect applies to all the remaining
students in the classroom (at most 34), and thus, its aggregate effects should not be understated.

Overall, we view our preferred estimates as modest but policy relevant and comparable with

24 We define an Indigenous student if either of their parents is Indigenous. Defining students as Indigenous only
if both parents are Indigenous slightly reduces the point estimate to -3.3% of a standard deviation (see Appendix
Table D.10). It makes sense that this estimate is smaller given that students with only one Indigenous parent, who
are likely partially treated, are included in the control group biasing our comparison downwards.
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prior work given that the share of refugees entering schools in Georgia is about 3% (Morales,
2022), the share of Metco students is below 5% in 33 out of 37 school districts in Boston
metropolitan area (Angrist and Lang, 2004), and the share of children from families linked to
domestic violence in an unnamed county in Florida is 4.6% (Carrell, Hoekstra and Kuka, 2018).
On the other hand, the inability to credibly explore non-linearities means that our findings might
not generalize to high-exposure settings such as those concerning special needs children in
Switzerland (Balestra, Eugster and Liebert, 2022), female students in Israel (Lavy and Schlosser,
2011), non-native speakers in Netherlands (Chevalier, Isphording and Lisauskaite, 2020), or
high-ability peers in the Netherlands (Booij, Leuven and Oosterbeek, 2017). To give economic
context to our modest estimates, it is worth highlighting that prior results in the literature have
been both limited and mixed and, with the exception of Antecol, Eren and Ozbeklik (2016) who
do not find any statistically significant effects of exposure to minority peers, no prior study was
able to exploit lottery-style random assignment of minorities to either schools or classrooms.
Similarly, Hoxby and Weingarth (2005) – a paper with variation close to a true experiment – find
very limited effects of minority peers once they account for peer achievement —a point to which
we come back below. Considering non-experimental papers, Angrist and Lang (2004) and Figlio
and Özek (2019) do not find negative effects on cognitive ability of native/majority students
exposed to racial minorities or refugees, respectively. Setren (2024) re-examines the METCO
program first evaluated by Angrist and Lang (2004) and likewise finds no negative peer effects
on academic performance, classroom behavior, and attendance of suburban students. In line
with our findings, Hoxby (2000) documents that a 10 percentage point increase in the share of
Black students in a classroom, decreases third grade reading test scores by 0.25, 0.10, and 0.06
points for Black, Hispanics, and Anglo students, respectively.25 Our Indigenous effect sizes are
comparable to Hoxby’s estimates for Anglo students, and are much smaller than her estimates
for Black and Hispanic students. Similarly, Diette and Oyelere Uwaifo (2014), shows that a
10 percentage point increase in students with limited English proficiency lowers mathematics
and reading scores of native students by about 0.7 percent of a standard deviation. Goulas
et al. (2024) also find negative effects of disruptive peers, Bifulco, Fletcher and Ross (2011)
find negative effects of minorities peers, Carrell and Hoekstra (2010) find negative effects of
peers who have been victims of domestic violence, and Balestra, Eugster and Liebert (2022)
find negative effects of peers with disability. In apparent contrast, Figlio et al. (2024) find that
increasing immigrants in schools from the 10th to the 90th percentile increases native student’s
test scores in mathematics and reading by 2.8 and 1.7 percent of a SD, respectively.26

25 Standard deviation of this test score varies between 2.1 and 2.6 depending on the exact year (see Table 2 in
Hoxby (2000)), implying re-scaled effect sizes between 2.3 and 11.9 percent of a standard deviation depending on
the race and which standard deviation we use.
26 Figlio et al. (2024) find positive effects for Black and poor students who, on average, score -0.495 SD and -0.303
SD, respectively. These means should be compared with average aptitude of immigrant students – treatment group
in their case – who score -0.093 SD. Thus, in both cases the treatment group is positively selected compared to the
outcome group. Consistent with our model and contextual covariates (Manski, 2000) we would expect positive peer
effects in this application, especially absent discrimination. Figlio et al. (2024) find zero to negative effects when
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We can further compare our estimates to other compulsory school peer effect studies which
considered student characteristics such as exposure to domestic violence (Carrell and Hoekstra,
2010), disruptive peers (Goulas et al., 2024), special needs (Balestra, Eugster and Liebert, 2022),
disability (Huang, Lu and Zhu, 2021), or female students (Lavy and Schlosser, 2011). These
attributes are plausibly observable to others in the educational environment thus satisfying our
requirements for the vector bi as well as Propositions 1 and 2 in the theoretical model. Many of
those studies express their magnitudes as an increase of one child in a class of 20. Following
this scaling, our estimates would translate to a decline in test scores of 0.020 SD per additional
Indigenous student. Carrell and Hoekstra (2010) find effect size of 0.025 SD, Balestra, Eugster
and Liebert (2022) likewise find effect size of 0.025 SD, Huang, Lu and Zhu (2021) find effect
size of at least 0.051 SD, and finally Lavy and Schlosser (2011) find effect sizes of 0.010-0.013
SD. Carrell and Hoekstra (2010) is particularly relevant for us since the average share of students
affected by domestic violence in their sample is 4.6% which is close to the share of Indigenous
students in Taiwan. Our effect sizes are thus comparable to those generated by exposure to
children experiencing domestic violence or requiring special needs. On the other hand, they are
much larger than the gendered peer effects.27

Finally, the interaction term in the last column of the table shows no evidence that increased
share of Indigenous peers in the classroom helps Indigenous students themselves. This is
consistent with Propositions 1 and 2 in the model which imply that test scores should decline
for both the majority and minority students. Although one could expect positive concordance
effects from one’s own group of peers (like, for example, in Hoxby (2000), who finds stronger
intra- compared to inter-race peer effects in achievement), this is not predicted by our model and
indeed we do not find empirical support for this hypothesis.28

7.2 Alternative explanation: Characteristics correlated with Indigeneity

An element we have not yet included in our empirical analysis is the fact that Indigeneity itself
is correlated with socioeconomic and educational characteristics. In other words, even in a
setting with institutionalized random assignment, majority students are not only assigned an

they consider White and affluent students in comparison to whom immigrants are negatively selected.
27 Due to much smaller sample sizes we are unable to obtain precise peer effects estimates on longer-run outcomes
using subsequent waves of the TEPS. Their sign and magnitude do suggest, however, that Indigenous peers decrease
medium-run test scores, university enrollment and attainment, and labor market outcomes. Using the estimates in
Appendix Table D.2 to map wave 2 test scores to long-run outcomes, we estimate that our test score peer effects
would imply that one additional Indigenous student in a 35-child classroom translates into average reductions in
university attendance and likelihood of having above median income of 0.5% ( 0.166

0.38 × 0.012× 100 ) and 0.3%
( 0.112

0.46 ×0.012×100) for the remaining children in the classroom, respectively. Although modest at individual level,
these losses could meaningfully add up given that they apply to majority of students.
28 It could be that in other contexts concordance induces more student effort through e.g., group studying or help
from the peers. For example, in college setting, Chevalier, Isphording and Lisauskaite (2020) show that higher share
of non-native speakers decreases interactions with native speakers but increases interactions with other non-native
speakers in the classroom. This is consistent with concordance effects requiring certain critical mass of similar
peers to materialize. In our setting very few Indigenous students have one or more Indigenous peers.
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Indigenous person but also a person with lower academic achievement and socioeconomic
status. To the extent that these other characteristics have causal effects on students’ achievement,
our reduced-form effect captures not only exposure to an Indigenous student but also to their
correlated observable and unobservable characteristics. This is exactly the point that Hoxby
and Weingarth (2005) make. Given the literature on ability peer effects (e.g., Lavy, Silva and
Weinhardt (2012)), the importance of language skills in schooling (e.g., Boucher et al., 2020),
and the effects of disruptiveness (e.g., Carrell, Hoekstra and Kuka, 2018, Goulas et al., 2024),
we need to verify that the negative effects documented above are indeed due to the fact that these
students are Indigenous rather than due to any other (observable) correlated peer characteristic
studied in the extant literature. Since in our setting students are as good as randomly assigned,
our decomposition can be interpreted causally (i.e., it identifies the part of the causal effect
of exposure to Indigenous students that comes through causal effects of other characteristics
correlated with Indigeneity). At the same time, the effect of exposure to Indigenous peers
controlling for other peer characteristics is actually a different estimand from the one our model
proposes. We view this decomposed effect as conceptually interesting in that it tries to isolate
the part of the effect that is idiosyncratic to the Indigeneity of peers and plausibly related to
prejudice and discrimination (rather than their socioeconomic circumstances or their ability),
yet it is admittedly less policy relevant since it is difficult to think of reassigning Indigenous
students without their other characteristics.

We use the decomposition method proposed in Gelbach (2016), adjusted to utilize only within-
school variation. Given the findings in Table 2, we simplify our empirical model by removing
the interaction term. This means that we are decomposing the average effect of exposure to
Indigenous students on both other Indigenous and majority students’ test scores. Table 3 presents
these results and shows that disruptiveness of Indigenous students, their language skills and
investments of Indigenous parents do not contribute meaningfully to explaining the negative
effect on test scores.29 This is interesting given the findings that Indigenous students are more
disruptive along many dimensions, have lower skills in Mandarin, and that the investments
of their parents are likewise lower (see Appendix Table D.3). On the other hand, lower test
scores and socioeconomic status of Indigenous students explain about a third of the uncovered
negative effect. Together, due to these correlated characteristics the negative estimate declines
by 0.107 (p-value of 0.118). Thus, we conclude that although characteristics correlated with
Indigeneity need to be accounted for, they appear to matter less than the changes in behavior
documented in Section 7.3. This is in contrast to findings in Hoxby and Weingarth (2005) where
peers’ ability dominated other correlated demographic characteristics rendering them mostly

29 The coefficient of -0.399 in Table 3 differs slightly from the one in column 3 of Table 2 because we additionally
control for a flag for imputed observations due to missingness. This is required to correctly apportion the share
of decomposed variation for decomposition variables in the later step using Stata’s b1x2 command by Gelbach
(2016).
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statistically insignificant (although their work does not explore endogenous responses).30

Table 3: Decomposing the Effect of Exposure to Indigenous Peers by Correlated Observable Peer
Characteristics

Outcome [std]: Test scores Share explained

Share of Indigenous peers -0.399*** 100%

                              (0.130)

  Effect explained by other peer characteristics -0.107 27%

(0.068)

  → by peer test scores -0.055** 14%

(0.025)

  → by peer socioeconomic status -0.070* 18%

(0.042)

  → by peer language skills 0.009 -2%

(0.053)

  → by peer parental investments 0.009 -2%

(0.013)

  → by peer disruptiveness 0.001 <1%

(0.021)

Students 8,517

This table shows the total and mediated effect of the classroom share of Indigenous peers on students test scores based on the decomposition
by Gelbach (2016). All regressions include school fixed effects and control for pre-assignment test scores and indices of productive charac-
teristics/investments of students, parents and teachers, and all controls are interacted with an Indigenous student dummy. These estimates
are produced using the b1x2 Stata package on a within-school transformation of the data. Standard errors clustered at the classroom level in
parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.

7.3 Effects of classroom exposure to Indigenous students on student effort, parental invest-
ments, and teacher engagement

We now turn to understanding the responses of students, parents, and teachers. Propositions 1
and 2 predict that the higher is the fraction of minority students in a classroom, the lower is
the effort of the three agents in question. Recall that our endogenous responses’ indices use

30 Given the results in this section, one could also ask if higher ability Indigenous students likewise generate
negative peer effects. To the extent that part of the effect is due to prejudice, even in such a case we would expect
to find negative coefficients. We test this by dividing Indigenous students into those scoring above versus below
median on wave 1 tests, noting that only 20% of Indigenous students score above the median. The estimates are
-0.400 (s.e. = 0.143) and -0.386 (s.e. = 0.321) for below- and above-median Indigenous students, respectively. This
is consistent with the effect of Indigenous peers not being primarily driven by differences in student ability.
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out-of-sample ridge regressions to anchor these outcomes in test scores. Therefore, they are
unaffected by simultaneity and can be interpreted as causal effects on test scores operating
through changes in student, parent, and teacher behaviors.31

Table 4 presents the effects of the share of Indigenous peers on these endogenous responses.32

Consistent with our theoretical predictions, we find that higher share of Indigenous students in
the classroom lowers student effort, parental investments, and teacher inputs. A 10 pp increase
in the share of Indigenous students in a classroom decreases inputs of majority students, their
parents, and teachers in these classrooms in a manner that would predict a drop of 0.72%, 0.39%
and 1.25% of a SD in test scores, respectively.33 While these estimates appear small, comparing
them to the 4% of a SD test score effect reported in Table 2 implies that the endogenous responses
would each individually account for 17.8%, 9.6% and 30.9% of this coefficient. Together, they
therefore explain a meaningful share of the negative test score effect.

Our theory further predicts that minority students and parents will also negatively adjust their
effort and indeed we do not find statistically significant interaction effects in Table 4 (though we
note that for student effort the positive coefficient on the interaction is slightly less than half
of the estimated negative level effect). Importantly, our theory has nothing to say about the
(relative) magnitude of these changes across minority and majority groups but rather focuses
on the direction which still holds in our empirical results. Furthermore, given the small share
of Indigenous students, our results on all other students are similar to the level estimates in
Table 4 (column 1 of Table D.8). Thus, we view the findings as consistent with our model
positing that all students will be affected by higher share of minorities assuming that observable
characteristics of minorities (actual or perceived) are worse compared to those of majority
children.34

31 See Sections 4 and Appendix B for information on how we construct these indices and Appendix Tables B.2
and D.6 for their validation. An alternative approach would be to use the same Gelbach (2016) decomposition
as in Section 7.2 i.e., estimate the effects on endogenous behaviors and then decompose test score effects into
the three mediators considered. This approach is less desirable for three reasons. Most importantly, to interpret
the decomposition in a causal sense we need make the strong assumption of sequential ignorability (Imai, Keele
and Tingley, 2010) meaning that there cannot be any confounders jointly affecting test scores and the endogenous
responses. Second, the decomposition could suffer from simultaneity since the weights placed on endogenous
responses are not computed out-of-sample. And third, the decomposition uses weights that maximize variance
explained by mediators while our ridge regression approach minimizes the square error of out-of-sample predictions.
32 Note that the variation in our teacher engagement index comes from within-school across-classroom differences,
with virtually no within-classroom variation. This is because all teacher engagement questions refer to engagement
with the entire classroom; we do not have student-specific engagement measures. This is in contrast to the student
and parent engagement indices, which have substantial within-classroom across-student variation.
33 We do not observe if Dao Shi or subject matter teachers are Indigenous and thus we cannot credibly examine if
the negative responses would be smaller or non-existent if Indigenous students interacted with Indigenous, rather
than Han Chinese, teachers. At the same time, Indigenous teachers constitute a tiny fraction of teachers in Taiwan.
34 While missingness in our student and parent engagement indices is relatively small, missingness in our teacher
engagement index is more substantial, at 29% of our estimation sample. This is mainly due to missing data from at
least one subject matter teacher. Overall, missingness in all engagement indices is unrelated to our Indigenous peers
treatment (joint test p-value = 0.161) and the teacher engagement index is only marginally related to treatment
(p-value = 0.072). Our main results hold if we force non-missingness in test scores and engagement indices
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Table 4: Mechanisms: The Effects of Exposure to Indigenous Students in the Classroom on Student,
Parents and Teacher Engagement

Outcomes [std]:

Students Parents Teachers

Share of Indigenous peers -0.072** -0.039** -0.125*

(0.032) (0.015) (0.074)

Indigenous peers × Indigenous 0.032 -0.004 0.015

(0.028) (0.014) (0.029)

Outcome SD 0.12 0.07 0.10

R
2 0.03 0.06 0.06

Schools 155 155 152

Classes 588 588 504

Students 8,288 8,166 6,067

Index of productive engagement of:

This table shows estimates from regressing indices of productive engagement of students, parents, and teachers in wave 2 on the share of
Indigenous peers in the classroom and its interaction with an indigenous student dummy. Productive engagement indices are constructed
as described in Section 4 and scaled in predicted standardized test score units. All regressions include school fixed effects and control for
pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all controls are interacted
with an Indigenous student dummy. Standard errors clustered at the classroom level in parentheses. ***, ** and * mark estimates statistically
different from zero at the 99, 95 and 90 percent confidence level.

Above and beyond our theoretical model, it is worth thinking about why students, parents,
and teachers could lower their investments in response to exposure to a higher share of minority
students. Specifically, while our model predicts effects in line with reinforcing investments (input
complements) of parents and teachers and our empirical analyses confirm this predictions, one
could still wonder why we do not find evidence of compensatory behaviors (input substitutes)
instead—that is, changes in inputs that compensate the majority students for the “perceived
negative” exposure to minority peers.35

We propose three explanations that are consistent with investment reinforcement but not with
compensatory behaviors. First, majority parents could perceive classrooms with Indigenous
students as weaker and thus decide to spend their resources elsewhere (perhaps on their other
children which we do not observe in the data). Examples of such behavior appear in studies on

across all specifications, with slightly more negative effects on test scores, similar effects for student and teacher
engagements, and slightly less negative effects on parental engagement. These coefficients are less precisely
estimated due to the smaller sample size.
35 Note that, even when inputs are technical (or q-)complements in a production function, this does not necessarily
mean their equilibrium demands will be (p-)complementary; consider, for example, capital and skilled labor. It is
easy to argue these are q-complements, but one can imagine that fast advancement in technology could drop the
price of capital, increase its demand and actually decrease the demand for skilled labor, if some of that additional
capital substitutes skilled workers. A similar distinction applies to inputs in the education production function, with
the caveat that their supply and demand are less straightforward to link to (co-)movements in their “prices”.
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sibling spillovers in education by Qureshi (2018), Nicoletti and Rabe (2019), and Karbownik
and Özek (2023). Parents could also be receiving an inflated signal from the teachers about the
relative performance of their child—due to either the child’s objectively higher performance
relative to their Indigenous peers, or driven by the teacher’s subjective lower level of classroom
assessment—leading them to believe that they do not need additional time and money invest-
ments.36 Second, it could be that more heterogeneous classrooms are harder for teachers to
manage, forcing them spend more time and effort disciplining students and less time covering
content. Teachers could also be less effective in these classrooms due to weariness. Consistent
with this idea, Karbownik et al. (2025) document that higher share of disadvantaged students
leads to more sick leave and mental health problems among Swedish teachers. Furthermore,
Lavy and Schlosser (2011) show that increased share of girls in the classroom improves student-
teacher relationships and lowers teachers’ fatigue, which also fits our prediction since girls
generally have better observables in the classroom than boys in this setting. Our data shows
that a non-trivial part of the reduction in teachers’ input index is driven by the fact that Dao
Shi tend to view classrooms with Indigenous students as harder to manage. Finally, students
themselves could lower their investments either indirectly due to disengagement of parents
and teachers (as we propose in our two-stage game in Section 2.2, noting that students are
second movers) or directly due to relative rank concerns and comparisons with academically
disadvantaged Indigenous students (see Murphy and Weinhardt (2020) for estimates of effects
of ordinal academic ranking and Tincani (forthcoming) for how classroom ranks can interact
with exogenous shocks).

Finally, it is worth linking our findings to a broader literature documenting complementarities
between home and school investments in children. Aizer and Cunha (2012) focus on human
capital production function and explore the launch of Head Start in 1965 as a source of exogenous
changes in investments. They confirm complementarity between investments and human capital
and then document reinforcing behavior; parents invest more in children with higher initial levels
of human capital (rather than compensating negatively affected children). More recently, Caucutt
et al. (forthcoming) propose an intertemporal model of early human capital development that
differentiates the role of parental time, goods, and market-based child care investments. Using
U.S. data, they then show evidence of complementarity between these investments, leading them
to co-move in response to shocks to school inputs. This matches our model’s predictions as
well as our empirical findings. Molnar (2023) using Canadian data shows that a price drop in
market-based school investment causes parents to invest more time and goods in their children,

36 In the simplest form our variation boils down to comparing children in a classroom with no Indigenous students
with children in a classroom with some Indigenous students. To the extent that in the latter group the reference
point changes for majority students (i.e., they easily outperform their Indigenous peers), it is plausible that teachers
could convey inflated signals about majority children’s relative performance. These parents would in turn invest
relatively less in their children compared to “control group” parents in classrooms with no Indigenous students
where such signals do not occur.
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consistent with perceived complementarities in the skill production function. In the context of
developing countries, Andrabi, Matlin and Vasey (2026) show that parents of retained children
lower their beliefs about child’s ability and their subsequent child investments, and these students
also become less confident in returns to their academic effort (interestingly, in their context there
appear to be no teacher responses). Together with our findings, we see this as a growing body
of evidence showing that compensatory parental investments implying substitutability are far
from universal, even in rich societies, and that in multiple institutional/cultural settings one can
expect educational findings resembling more closely investment reinforcement consistent with
complementarity of inputs.

8 Robustness checks

Our main findings, presented in Tables 2 and 4, are robust to a number of alternative speci-
fications.37 We start our analysis by exploring the consequences of not observing complete
classrooms in the data on our estimates.38 Recall that TEPS sampling scheme involved random
selection of approximately half of each classroom which could lead to non-classical measurement
error issues as explained by Chandrasekhar and Lewis (2011) in the broader context of sampled
networks.39 Their proposed solutions requiring at least some information about the entirety of
the network are, however, not applicable in our setting as we know virtually nothing about the
non-sampled peers. We only know they exist because TEPS also records actual classroom sizes
and we can assume that, by the virtue of random sampling, their characteristics should be similar
(on average) to those who are sampled. Instead to address this potential problem, we draw on
Sojourner (2013) who shows that knowledge of the mechanism that assigns students to peers is
crucial for producing unbiased point-identified estimates, and that with random assignment of
students to classrooms (as is our case) missing peer data attenuates the estimates “roughly in
proportion to the fraction of individuals with missing data” (p.579). In our setting, this would
imply that readers should inflate our modest negative estimates by roughly a factor of two.

Sojourner (2013) also develops two correction estimators that do not impose any assumption
on the process that generates missing data. In Appendix Table D.7 we implement both solutions
by grouping similar schools into K-ciles of their average classroom share of Indigenous students,

37 For ease of interpretation we report robustness checks for specification based on column 3 of Table 2, i.e., we do
not include the interaction between share of Indigenous peers and being Indigenous. Our results are substantively
unchanged if we instead focus on specification from column 4 of Table 2 and on Table 4.
38 Other datasets commonly used to estimate peer effects also suffer from this shortcoming. Notably, the Add
Health’s in-school survey samples the universe of students present on the day during a single class period, which
introduced small but arguably selective missing data problem due to school absences. Additional, and arguably
more severe, missingness gets introduced when using the in-home survey data since these were only administered
to around 200 students in each school-and-feeder-school pair.
39 A classical measurement error will generally lead to unbiased but noisy estimates, however, with non-classical
measurement error estimates could be biased upwards or downwards depending on the specific context. Importantly,
even with non-classical measurement error, Chandrasekhar and Lewis (2011) show that bias declines sharply with
size of the sampled network and in our application we have information on at least half of the population in each
classroom which should minimize the potential bias.
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with K = 2, 5, 10, 20, 40, and 80 groups.40 The estimates show, as expected, larger magnitudes
of the effects for all but one specification. The preferred unbiased estimates in the rightmost
column imply that effects on test scores are attenuated by a factor of 2.6, while effects on student,
parent, and teacher effort are attenuated by factors of roughly 1.6, 2.4 and 3.6, respectively.

Next, we explore the stability of our preferred estimates over alternative sample choices.
Appendix Table D.8 presents these results. Column 1 replicates our results based on specification
from column 3 of Table 2.41 Column 2 drops schools where Indigenous students are in the
majority and therefore where higher classroom shares of these students do not actually represent
increased exposure to minorities. In column 3 we exclude both schools where Indigenous or
Hakka students form a majority. In column 4 we drop all private schools, which might be more
likely to cater to a more select set of students and parents. Finally, in Column 5 we drop schools
where there is a mismatch of more than three percentage points between the data-calculated
and the principal-reported share of Indigenous students. Irrespective of the sample we choose,
we find very consistent results (the p-value for teacher engagement is 0.148 which marginally
misses statistical significance at conventional levels due to smaller sample size).

In another exercise, instead of dropping specific types of schools, we also exclude specific
Han Chinese students, who are not from the Hoklo majority. Appendix Table D.9 presents
these results. Column 1 again replicates our baseline results, column 2 excludes Hakka students,
column 3 excludes Waishengren students, and finally column 4 excludes both sets of students.
Our conclusions remain unchanged.

As documented in Table D.3 our empirical sample is modestly negatively selected; e.g., we
are more likely to see lower-performing students with lower-educated and financially stressed
parents. This makes sense given our sample selection process described in Section 4, e.g., we
exclude schools with no Indigenous students or schools with gifted programs. As a result our
findings might not generalize to all Taiwanese students in these cohorts—an external validity
concern. We address this issue by re-weighting our estimates to match the characteristics of
the full TEPS sample. Appendix Table D.11 presents these results which are somewhat more
negative when it comes to student test scores and effort, and somewhat less negative when it
comes to parental investments and teacher effort.

Given the relatively small share of Indigenous students in population, it is relevant to ask

40 Sojourner (2013) does not indicate how to choose the number of groups K and instead implements his approach
for a range of Ks. We follow this suggestion and present a range of results from K=2 to K=80 along with the fully
saturated school fixed effects model which produces unbiased estimates.
41 This table further documents the average effects of exposure to Indigenous students on students’, parents’ and
teachers’ inputs rather than separating them into effects on the Han majority and the Indigenous minority as in
Table 4. The estimates are very similar to the effects for the Han majority which makes sense given that in the
full sample we observe relatively few Indigenous students (about 7%) that contribute to the identification of the
interaction effect, and thus the average effect is similar to the effect for Han Chinese majority.
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whether our effects are being identified by variation in Indigenous peers at the extensive margin
(i.e., exposure to any Indigenous peer in the classroom) or the intensive margin (i.e., an increase
in the share of Indigenous peers among those already exposed to at least one). Both sources
of variation can be quantitatively important: 45% of students in our sample are exposed to at
least one Indigenous student in their classroom and among those exposed their classroom share
of Indigenous peers ranges from 2.7% to 100% (with a median of 7.7%, a mean of 15.6%,
and a standard deviation of 19%). Appendix Table D.13 decomposes the effect of exposure to
Indigenous peers on our main outcomes by its extensive and intensive margins. Panel A shows
that the extensive margin variation alone is sufficient to identify negative effects on test scores
and student engagement. Panel B further shows that the intensive margin is the primary driver
of the effects on parental and teacher engagement. The implied marginal effects suggest that
student engagement responses can account for a sizable part of the negative test score effect
at the extensive margin, whereas parent and teacher engagements can account for virtually the
entire negative test score effect at the intensive margin.42

We also check that our inference is not affected by departures from random assignment
to classrooms, or by quantitatively important spillovers across classrooms. To assess this,
we perform a series of placebo estimates where we randomly re-assign students to placebo
classrooms while keeping school structures intact, and then recalculate “placebo” Indigenous
exposure effects. We perform this random re-assignment 10,000 times and obtain normal-looking
distributions centered around zero (Appendix Figure D.2).43 These findings are reassuring
since, in the presence of unobserved confounders correlated with Indigeneity or quantitatively-
important spillovers across classrooms, we would expect skewed distributions for the placebo
effects. An additional benefit from this exercise is that by comparing actual and placebo effects
we can construct exact tests, with a distribution that is independent of sample size or the
distribution of the error term (Young, 2019). Indeed, this comparison reaffirms the statistical
significance of the negative effect of exposure to Indigenous students in a classroom (with an

42 An additional concern here is selection into identification (Miller, Shenhav and Grosz, 2022). Even if students are
randomly allocated to classrooms, in schools with one or more Indigenous students in each classroom there would
be no within-school variation in the extensive margin treatment. Therefore, these schools would not contribute
to the identification of the coefficient on the presence of Indigenous students in the classroom (whereas they do
contribute to identifying the intensive margin). If these schools are systematically different from those that do
contribute to identification, and in the presence of heterogeneous treatment effects, this can bias our estimates away
from Average Treatment Effect. Out of the 155 schools in the sample with at least one Indigenous student, 18 have
two or more Indigenous students in every sampled classroom. These 18 schools serve areas with a high number of
Indigenous people and are consequently more disadvantaged and lower-scoring. Therefore, the extensive margin
results should be interpreted keeping in mind that these particular schools are not contributing to the identifying
variation. At the same time, as documented in Table D.8, our results are robust to dropping schools with majority
Indigenous students.
43 We cannot use this procedure to generate randomization inference estimates for the effects of Indigenous peers
on teacher engagement. The issue is that, since measures of teacher engagement are largely the same for all students
in the same classroom, the within-classroom variation is much smaller than the overall variation. Re-randomization
exercises cannot reproduce this narrower within-classroom variation, resulting in placebo effects that incorrectly
vary more widely than their sampling distribution counterparts, ultimately producing biased p-values.
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empirical p-value of 0.001).

Our final robustness exercise involves two sets of “placebo tests”. Recall that our theoretical
model hinges upon the fact that compared to the majority students their Indigenous peers have
less favorable observable characteristics (bm < bM). This means that, assuming no differential
prejudice, we should not observe negative peer effects for groups where bm ≈ bM, even if these
children come from minority population. The first test re-estimates our results from Tables 2
and 4 for Hakka students. As mentioned in Section 3.2, Hakka people are likewise an officially
recognized by the Taiwanese government minority group, however, as documented in Appendix
Table D.4 these students have similar observable characteristics to the Hoklo majority. Therefore,
we do not expect Hakka peers to affect student outcomes. Panel A of Appendix Table D.12 shows
that Hakka peers do not appear to generate any economically meaningful peer effects, either for
the majority students (the level coefficient) or for the other Hakka students (the interaction term).
We further note that the negative statistically insignificant at conventional levels coefficient in
column 1 is less than one-tenth of the coefficient in column 4 of Table 2 reported for Indigenous
peers. Likewise, we do not find effects on endogenous responses of the majority students, their
parents, or teachers in classrooms with higher share of Hakka students, with all coefficients
much smaller than those reported in Table 4.

In the second exercise, we construct a group of “synthetic” Indigenous students: majority
students that are nearly observationally equivalent to Indigenous students. Specifically, for each
Indigenous student in each school, using a propensity score function, we define a synthetic
Indigenous student that is a non-Indigenous student most similar to them in terms of baseline
test scores and all other pre-assignment characteristics.44 We then use these students to construct
synthetic Indigenous peers in our placebo regressions. The rationale behind this exercise is to
test biased subjective expectations ascribed via Indigeneity as the plausible mechanism behind
our results. While synthetic Indigenous students are as disadvantaged in terms of observables as
actual Indigenous students, others would not have formed expectations about them based on
their identity (consistent with Panel B of Appendix Table D.5). Therefore, the effect of synthetic
Indigenous peers includes observable disadvantage but excludes the prejudice—which we argue
might be a key mechanisms behind our findings (especially if it interacts with and exacerbates
the disadvantage). On the other hand, based on the results in Table 3, we could expect some
negative effects from (academic and socioeconomic) disadvantage.

Panel B of Appendix Table D.12 shows no statistically significant effect of synthetic In-
digenous peers on student test scores with a point estimate of about one-third of the effect
documented in Table 2. This coefficient is only modestly larger than our decomposition estimate
of -0.107 presented in Table 3 suggesting the we accurately capture the correlated disadvantage

44 Appendix Figure D.3 shows that there is sufficient (but not perfect) common support in the propensity scores.
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component in our treatment. Furthermore, we find no statistically significant evidence that
students decrease engagement in response to exposure to synthetic Indigenous peers, with a
coefficient estimate of one-half compared to the effect of exposure to actual Indigenous peers.
Likewise, when it comes to teacher engagement, the level coefficient is about one-half of the
corresponding estimate in Table 4 and not statistically significant. On the other hand, we find
that parents decrease investments in response to exposure to synthetic Indigenous peers. This
means that part of the endogenous responses of parents to Indigenous students could be due
to their disadvantage. Overall, we view these results as strongly suggesting that Indigenous
students generate the negative peer effects due to not only their lower observable characteristics
(bm < bM) but also because of prejudice (even if we can measure it directly only for teachers).

9 Conclusions

We document that increasing share of minority students in a classroom has modest negative
effects on student achievement. Specifically, adding one Indigenous child to a classroom of
35 lowers test scores by 1.2% of a SD. It also decreases student effort, parental investments,
and teacher engagement. The negative externalities are driven both by lower observable char-
acteristics of this minority group and by endogenous responses of the three aforementioned
agents.

Our findings have implications both for understanding the role of classroom heterogeneity
in education production function, and for designing classroom integration policies. Our theory
extends the standard education peer-effects model by jointly incorporating endogenous responses
of students, parents, and teachers. These adjustments matter both in theory and in practice,
and ignoring them would lead to flawed policy recommendations. For example, if we omitted
parents and teachers in this study, our reduced-form achievement estimates would suggest that
integration of Indigenous students in the classroom comes with small costs and that one might
target students with compensatory interventions. In contrast our empirical results suggest that
teacher adjustments could matter more. Based on this we caution researchers in how they
interpret the reduced-form causal effects and what policy recommendations they prescribe when
the production function is either unspecified or unknown.

Our model is general and applicable to other settings with heterogeneous populations where
multiple agents could contribute to a production process. Thus, the findings are relevant to a
broader set of policy contexts, outside of schooling, where strategic interactions could arise
due to endogenous responses of multiple agents. For example, it is plausible that some of the
workplace peer effects are generated by the decisions of managers (Cornelissen, Dustmann and
Schönberg, 2017, Lindquist, Sauermann and Zenou, 2022) or that part of the peer effects found
in prisons is due to behaviors of guards or prisoners’ visitors (Bayer, Hjalmarsson and Pozen,
2009, Piil Damm and Gorinas, 2020). Understanding who is driving the reduced-form effects
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estimated in the extant literature appears crucial for the design of effective and efficient policies.
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(Non-For-Publication) Appendix

Appendix A Theory

A.1 Size of population n is fixed

Assume that the population n is fixed. The first-order condition (2) can be written as:

yi = bi +φ

[
qym +(1−q)yM − yi

n

]
This implies that

yM =
bM +φ qym

1−φ (1−q)+ φ

n

ym =
bm +φ(1−q)yM
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n

By solving these equations, we obtain:
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We have

∂yM∗
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)(
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)
∂ym∗

∂q
=
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1−φ + φ

n

)(
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Thus, the two derivatives coincide and clearly, if bm < bM, then ∂yM∗

∂q < 0 and ∂ym∗

∂q < 0.

A.2 Proof of Proposition 1

When n is large, yi
s

n → 0, the first-order condition (2) can be written as:45

yi
s = bi +φ

[
qym

s +(1−q)yM
s
]
. (A.1)

This implies that:

45 Assuming a fixed size of n does not change the results; it just makes the analysis more complicated. See Section
A.1 in this Appendix.
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yM∗
s =

bM +φ qym
s

1−φ(1−q)
(A.2)

ym∗
s =

bm +φ(1−q)yM∗
s

1−φq
(A.3)

By solving these equations, we obtain:

yM∗
s =

(1−φq)bM +φqbm

1−φ
(A.4)

ym∗
s =

[1−φ(1−q)]bm +φ(1−q)bM
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We have:
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, (A.6)
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. (A.7)

Thus, if bm < bM, then ∂yM∗

∂q < 0 and ∂ym∗

∂q < 0.

A.3 Proof of Proposition 2

A.3.1 Parents’ effort choices

Let us solve first the parents’ effort choice.

Consider the majority parent’s utility function (12). The first-order condition is equal to:

∂UM
p

∂yM
p

= α2ρ (1−φ)−α1
(
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M(q)
)α1 (yM

p
)α2−1 (

yi
t
)α3 −1 = 0

Solving this equation leads to:
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Denote
Z1 := (α2ρ)α2/(1−α2) (1−φ)−α1α2/(1−α2)
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We have (
yM

p
)α2 = Z1
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Consider now the minority parent’s utility function (13). Proceeding as above, we easily obtain:
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A.3.2 Teachers’ effort choices

The first-order condition is:
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where
Z1 := (α2ρ)α2/(1−α2) (1−φ)−α1α2/(1−α2) .
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which is equivalent to bm < bM. Thus, if bm < bM, we have:
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A.3.3 Parents’ and teachers’ effort choices in education production function

We have:
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Sm∗ = ρ (1−φ)−α1 (∆m(q))α1

(
ym∗

p (q)
)α2
(
yi∗

t (q)
)α3

Thus
SM∗

Sm∗ =

(
∆M(q)
∆m(q)

)α1
(

yM∗
p (q)

ym∗
p (q)

)α2

.

Furthermore
ρ (1−φ)α1 ∂SM∗

∂q
=

α1
(
∆

M(q)
)α1−1

φ
(
bm −bM)[(yM∗

p (q)
)α2 (yi∗

t (q)
)α3
]

+
(
∆

M(q)
)α1

[
α2
(
yM∗

p (q)
)α2−1 ∂yM∗

p (q)
∂q

(
yi∗

t (q)
)α3

]

+
(
∆

M(q)
)α1

α3
(
yM∗

p (q)
)α2 (yi∗

t (q)
)α3−1 ∂yi∗

t (q)
∂q

Thus
∂SM∗

∂q
< 0

With a similar calculation, we obtain
∂Sm∗

∂q
< 0
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Appendix B Construction of summary indices of student, parent and teacher engagement,
and of pre-assignment student, parent and teacher quality

Our model predicts changes in student effort, parental investments, and teacher engagement in
response to exposure to minority peers in the classroom. We construct three indices capturing
these inputs into student’s education production function using wave 2 data.46

Our core student input is study effort, as captured by study hours. Our scale of study hours
combines information from five different items measuring time spent at school, time spent in
school-provided tutoring, study time outside school and school-provided tutoring, time spent on
the internet for homework, and time spent tutoring during the summer break. All these measures
are, a priori, meaningful contributors to academic achievement and can also be influenced by
peers. Study effort is often considered as the main potential mechanism for academic peer
effects (see e.g., Feld and Zoelitz, 2017, or Xu, Zhang and Zhou, 2022).

Parental investments are measured through items capturing private tutoring, time spent with
the child, and several facets of emotional support. School environment has been shown to
affect parental investments and academic achievement (see e.g., Pop-Eleches and Urquiola,
2013, Fredriksson, Öckert and Oosterbeek, 2016), and much of this work hypothesizes peers
as a key driver of these effects. Furthermore, parental monetary and time investments are
the canonical Beckerian household investments in human capital and can therefore respond
as complements or substitutes to school inputs, such as exposure to minorities in classroom.
Private tutoring measures include time spent in private tutoring outside school and the overall
family expenditures in tutoring. Time spent with the child includes measures of the weekly time
each parent (when present) spends with their child during dinner time. In addition, parental
support belongs to a broader set of parenting styles which can also be modeled as parental
investments (Cobb-Clark, Salamanca and Zhu, 2019) and thus react to school inputs for similar
reasons. Conceptually parental support is close to warmth and more generally measures parental
engagement. The parental support measures include whether one or both parents listen carefully
to the child’s thoughts and concerns, provide assistance and assurance when facing difficulties,
and accept the child for who they are.

Teacher engagement measures include items that capture time and effort invested in preparing
and delivering material by the core subject matter teachers (in Chinese, English, and Math).

46 Traditional approaches would construct aggregate indices of these inputs in an omnibus way, such as in Anderson
(2008), Kling, Liebman and Katz (2007) or even simpler summative indices of all individual items. These
approaches are not suitable for us since they implicitly assume that all items measure the same underlying construct.
By design, our items measure distinct constructs and so imposing a single-construct assumption when aggregating
them is incorrect. Moreover, we are interested in separately identifying the role of students, parents and teachers,
which means imposing additional informational structure on the data to capture who is making the investments
we measure. In a previous version of this paper (de Gendre et al., 2024), we explored a different approach using
regression weights on indices-of-indices which produced similarly performing but less transparent and harder to
interpret results.
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These consist of the frequency of exams and quizzes, of homework assignments, of review
and discussion sessions, and of extra individual tutorial to some students. Teacher engagement
measure also includes a scale of whether the Dao Shi (or homeroom teacher) considers the
classroom to be hard to manage, which is directly related to the teacher’s cost of effort. Both
types of measures proxy for teacher inputs that make the classroom productive for learning, and
can be affected by the social and cultural diversity. For example, lower-achieving peers such
as Indigenous students might increase classroom disruption, making classroom management
harder and decreasing teacher effort (Duflo, Dupas and Kremer, 2011).

We start by fitting separate ridge regressions for students, parents, and teachers (a = S,P,T ),
which produce estimates β̂

a that maximize the penalized objective functions:

Qa =
N

∑
i=1

f a
(

S̃iscw2 , x̃
a
i β

a′
)
−λ

Pa

∑
j=1

(β a
j )

2, (B.1)

where Siscw2 are test scores of student i in school s, classroom c in wave 2, f a() is the
likelihood contribution function, xa

i is the 1×Pa vector of inputs related to agent a and β
a is their

corresponding vector of coefficients, and λ > 0 is the ridge regression penalty parameter. S̃iscw2

and x̃a
i represent residualizations of the original test scores and covariates in wave 2 from wave 1

test scores and school fixed effects. This transformation minimizes concerns over unobserved
heterogeneity and ensures that predicted values reflect incremental contributions of student
effort, parental investments and teacher engagement (i.e., the value-added of these inputs over
baseline test scores).

Equation B.1 is minimized via coordinate descent, and λ̂ is chosen via 10-fold cross-validation.
We also estimate these models in the subsample of TEPS schools that do not have any Indigenous
students. We do this to reduce simultaneity concerns, ensuring that Indigenous peers cannot
affect engagement or the mapping between engagement and test scores in our construction
sample.

After finding β̂
a
= arg minβ a{Qa}, we use the fitted values with penalized coefficients from

these regressions, ˆ̃Siscw2 = x̃a
i β̂

a
, as summary indices of student, parent and teacher productive

engagement in our estimation sample. These indices are naturally scaled in outcome units, and
should be interpreted as the predicted increase in test scores driven by changes in the relevant
components of student effort, parental investments, and teacher engagement.

Table B.1 shows means of the measures of student effort, parent investments, and teacher
engagement used as predictors, shown separately for the construction and estimation samples.
There is little evidence of differences in item means across the two samples.
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Panel A of Table B.2 shows the ridge regression model parameters for the construction
samples. λ̂ is smaller for student ridge regressions, and there are substantially more parameters
estimated in teacher regressions. Out-of-sample R2 are low but not uncommonly so for prediction
exercises of continuous variables such as these. The standard deviation of fitted values are
relatively small, as should be expected from model predictions; they are larger for students than
for parents or teachers and are very similar in our estimation and construction samples. Panel B
shows that all indices are strong predictors of wave 2 test scores, individually and jointly, over
and above pre-assignment test scores, and in both the construction and the estimation samples.
These results confirm the good performance of these data-driven indices to identify relevant
student, parent and teacher inputs.47

With a similar approach, we also construct summary indices of pre-assignment student, parent
and teacher quality (i.e., of pre-assignment characteristics and investments that are predictive
of test scores in wave 1). The characteristics and investment we consider for students include
student sex, age, and measures of early-age curiosity and academic effort. For parents, we
include several measures of socioeconomic status and health at the family level, as well as
measures of parental involvement with their child before junior high school. For teachers, we
include measures of sex, age, marital status, having children, tenure at school and teaching
experience, and whether they hold a postgraduate degree. We observe these measures for the
Dao Shi (‘homeroom teacher’) and for the three core subject matter teachers in Chinese, English
and Math. Table B.3 shows means of these measures in our estimation sample.

To construct student and parent indices we estimate slightly simpler ridge regressions than in
equation B.1, maximizing instead:

Q̃a =
N

∑
i=1

f a
(

Siscw1 ,z
a
i θ

a′
)
−λ

Pa

∑
j=1

(θ a
j )

2, (B.2)

for a = S,P where now Siscw1 are test scores in wave 1, za
i is the vector of pre-assignment

characteristics and investments of agent a and θ
a is their corresponding vector of coefficients,

while the remaining terms are similar. Note that here we do not residualize Siscw1 or za
i since our

focus is on predicting pre-assignment test scores abstracting from selection into schools and
without the need to control for baseline student or parent academic achievement. Also, since
we are not concerned about simultaneity in these models, we can estimate them directly in our

47 The larger-than-one coefficients in columns 2 and 3 indicate that the parent and teacher indices are forecast-
inefficient in the sense of Mincer and Zarnowitz (1969). Therefore, there is additional information to be exploited
by, for example, re-parameterizing our models–which we can unfortunately not do without risking overfitting. The
comparison between columns 4 and 5 further suggests small additional forecast inefficiency in the student index
out-of-sample performance, and substantial slippage in the teacher index, likely because of model instability (e.g.,
drift) across samples. This reduces our ability to detect effects of exposure to Indigenous peers on these measures.
Nevertheless, the key takeaway is that all indices are strongly predictive of test scores in our estimation sample.
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estimation sample rather than taking an out-of-sample approach.

We need to adjust this process for teachers. The core issue is that we do not observe teachers
in previous cohorts so we cannot use this information to estimate a predictive measure of
productive characteristics and investments. Instead, for teachers we estimate very similar
ridge regressions to equation B.1 but using only the pre-assignment teacher characteristics as
predictors, and then use the fitted values as our pre-assignment teacher quality measure. For
these regressions, outcome and predictors are residualized by wave 1 test scores and school
means but still estimated directly in our estimation sample.

Panel A of Table B.4 shows the ridge regression model parameters for our pre-assignment
indices. For student and parents models penalty terms are small, coefficients are relatively few,
and the standard deviations of fitted values are relatively large. This reflects the high predictive
power of student and especially of parent pre-assignment measures. It is good to highlight
again that for teachers the ridge regression models are fundamentally different: penalty terms
are larger, coefficients are far more numerous, and fitted values vary much less. The latter is a
reflection of well-known issues with predicting teacher value-added with teacher characteristics.
Panel B of Table B.4 shows that the student and parent indices are forecast-unbiased correlates
of pre-assignment test scores, and that they remain strong predictors jointly and after partialling
out school fixed effects (with somewhat reduced coefficients since the indices are correlated).
Panel B also shows that the teacher index does not predict student test scores, which is expected
under random assignment of teachers to students within schools (see Section 3.1 for institutional
details).

As an additional exercise, we test whether pre-assignment student, parent and teacher quality
predicts test scores in the longer term. Table B.5 shows that individually all three indices are
strong predictors of wave 2 test scores. The large and significant coefficient of the teacher index
is reassuring: it implies that the uncorrelatedness with student test scores in Table B.4 was not
driven by small variation and lack of information content in the teacher measures. Columns
4 and 5 show that pre-assignment parent and teacher characteristics and investments–but not
student’s–have an incremental effect on test scores, even after conditioning on pre-assignment
test scores.
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Table B.1: Means of Items Measuring Student Effort, Parental Investments and Teacher Engagement
across Construction and Estimation Samples in the TEPS

Students:
  Weekly hours at school (1-5)
  Weekly hours school tutoring (1-5)
  Weekly hours using internet for homework (1-6)
  Daily at-home study hours (1-5)
  School or tutoring during summer (0-1)

Parents:
  Weekly hours of tutoring paid (1-5)
  Monthly expenditure on tutoring (1-5)
  Weekly dinners with child - Respondent (1-5)
  Weekly dinners with child - Spouse (1-5)
  Parent(s) listen and communicate (0-2)
  Child seeks parent(s) help (0-2)
  Parent(s) accept child for who they are (0-2)

Dao Shi ('Homeroom teacher'):
  Ease to manage class (1-4)

Subject matter teachers in: Chinese English Math Chinese English Math 
  Exam or quiz frequency (0-5) 2.2 2.3 1.5 2.3 2.4 1.6
  Homework frequency (0-5) 1.3 1.5 1.8 1.3 1.4 1.6
  Exam review/discussion frequency (0-3) 1.4 1.1 1.1 1.2 1.2 1.2
  Individual tutorial to some students (0-3) 1.5 1.4 1.4 1.5 1.5 1.5

0.8
0.9
1.2

2.8

2.2
2.1
3.4
2.9

3.3
2.9
0.9
0.9
1.2

3.0
2.7
2.2
2.4
0.8

2.6
0.8

2.4
2.5

2.6

Construction sample 
(N = 8,607)

Estimation sample 
(N = 8,515)

3.0
2.7
2.2

This table shows means for all items measuring student effort, parent investment, and teacher engagement in wave 2 in TEPS, separately for
schools without Indigenous students (construction sample) and our estimation sample. Sample sizes reported on the first row are the maximum
number of observations across all measures. Mean estimates might use fewer observations due to missing data points in each case.

59



Table B.2: Validation of Indices of Student, Parent and Teacher Engagement in Wave 2

Outcome:
Students Parents Teachers

Selected penalty term 0.10 0.46 0.43
No. of coefficients 23 32 61
Out-of-Sample R-Squared 0.05 0.02 0.01
S.D. fitted values in construction sample 0.12 0.07 0.09
S.D. fitted values in estimation sample 0.13 0.07 0.10

Outcome [std]:

Index of productive engagement of:
  Students 1.085*** 0.834*** 1.059***

(0.075) (0.089) (0.071)
  Parents 1.222*** 0.803*** 0.712***

(0.106) (0.133) (0.142)
  Teachers 1.324*** 1.225*** 0.474***

(0.136) (0.121) (0.101)
Pre-assignment test scores 0.765*** 0.766*** 0.749*** 0.753*** 0.720***

(0.011) (0.010) (0.011) (0.011) (0.011)

Sample Constr. Constr. Constr. Constr. Estimation

R2 0.65 0.65 0.67 0.68 0.65

Schools 159 159 158 158 152
Classes 585 585 496 495 504
Students 8,296 8,167 6,013 5,710 5,731

Panel A: Ridge regression model parameters in construction sample
  Index of productive engagement of:

Panel B: Index validation
Student test scores

Panel A shows model parameters for the Ridge regressions used to construct the indices of productive engagement of students, parents, and
teachers. All models predict test scores in wave 2 with investments in wave 2, after residualizing from pre-assignment test scores and de-meaning
at the school level. These models are estimated in schools with no Indigenous students (construction sample). Penalty terms and out-of-sample
goodness of fit are estimated via 10-fold cross-validation. See Section 4 for further details. Panel B shows estimates of regressing test scores in
wave 2 on the fitted values from the models in Panel A in the construction and estimation samples. Panel B regressions include school fixed
effects and control for pre-assignment test scores. Standard errors clustered at the school level in parentheses. ***, ** and * mark estimates
statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table B.3: Means of Items Measuring pre-assignment Student, Parent and Teacher Engagement and
Characteristics in the Estimation Sample

Students:
  Female
  Born before 1989
  Prioritized schoolwork since primary
  Reviewed lessons at home since primary
  Liked new things since very young

Parents:
  Contacted primary school about child behavior
  Contacted primary school about child mental health
  Two-parent household
  Household income >NT$50,000
  At least one family member with stable income
  Parent(s) lack tertiary education
  Father is employed
  Both parents in good health
  Private tutoring before junior high school
  Helped with homework before junior high school
  Child quarreled with parents during primary school

Teachers: Dao Shi Chinese English Math 
  Female 0.75 0.88 0.84 0.48
  Older than 35 0.48 0.62 0.52 0.55
  Married/partnered 0.65 0.68 0.65 0.69
  Has children 0.60 0.67 0.60 0.66
  <4 years in school 0.36 0.23 0.35 0.36
  10+ years in school 0.33 0.42 0.38 0.38
  <5 years of full-time experience 0.31 0.21 0.28 0.28
  10+ years of full-time experience 0.44 0.57 0.50 0.51
  Has postgraduate degree 0.12 0.10 0.12 0.12

Estimation sample 
(N = 8,515)

0.49
0.36
0.27
0.17
0.41

0.35

0.58
0.65
0.84
0.66

0.89
0.71
0.88

0.47
0.90
0.42

This table shows means for all items measuring pre-assignment student, parent, and teacher engagement and characteristics in TEPS in our
estimation sample. Sample size reported on the first row is the maximum number of observations across all measures. Mean estimates might use
fewer observations due to missing data points in each case.
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Table B.4: Description and Validation of Indices of Pre-Assignment Productive Characteris-
tics/Investments of Students, Parents and Teachers

Outcome:
Students Parents Teachers

Selected penalty term 0.04 0.03 0.73
No. of coefficients 14 18 72
Out-of-Sample R-Squared <0.01 0.15 <0.01
S.D. of fitted values 0.14 0.34 0.04

Outcome [std]:

Index of pre-assignment productive:
  Student characteristics/investments 1.038*** 0.838*** 0.736***

(0.075) (0.076) (0.075)
  Parent characteristics/investments 1.009*** 0.963*** 0.763***

(0.038) (0.038) (0.033)
  Teacher characteristics -0.116 -0.032 -0.008

(0.445) (0.411) (0.262)

School FE 

R2 0.02 0.13 <0.01 0.14 0.21

Schools 155 155 152 152 152
Classes 588 588 535 535 535
Students 8,376 7,694 7,729 6,905 6,905

Panel B: Index validation

  Index of pre-assignment productive 
characteristics/investments of:

Panel A: Ridge regression model parameters

Pre-assignment test scores

Panel A shows model parameters for the Ridge regressions used to construct the indices of pre-assignment productive characteristics/investments
of students, parents, and teachers. Student and parent models predict pre-assignment test scores with pre-assignment characteristics and
pre-assignment investments. The teacher model predicts wave 2 test scores with pre-assignment teacher characteristics, after residualizing
from pre-assignment test scores and de-meaning at the school level. Penalty terms and out-of-sample goodness of fit are estimated via 10-fold
cross-validation. See Section 4 for further details. Panel B shows estimates of regressing pre-assignment test scores on the fitted values from the
Ridge regression models in Panel A. Standard errors clustered at the school level in parentheses. ***, ** and * mark estimates statistically
different from zero at the 99, 95 and 90 percent confidence level.
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Table B.5: Predictive Performance of Indices of Pre-Assignment Productive Characteristics/Investments
of Students, Parents and Teachers for Test Scores in Wave 2

Outcome [std]:

Index of pre-assignment productive:

  Student characteristics/investments 0.892*** 0.684*** 0.088 0.063

(0.076) (0.079) (0.054) (0.055)

  Parent characteristics/investments 1.061*** 1.018*** 0.333*** 0.282***

(0.039) (0.039) (0.026) (0.024)

  Teacher characteristics 1.325*** 1.331*** 1.354*** 1.384***

(0.440) (0.417) (0.226) (0.231)

Pre-assignment test scores 0.711*** 0.699***

(0.012) (0.012)

School FE 

R
2 0.02 0.15 <0.01 0.16 0.60 0.63

Schools 155 155 152 152 152 152

Classes 588 588 535 535 535 535

Students 8,376 7,694 7,729 6,905 6,905 6,905

Test scores

Estimates from regressing standardized student test scores in wave 2 on indices of pre-assignment productive characteristics/investments of

students, parents, and teachers. Preassignment indices are constructed as described in Section XXX and scaled in predicted standardized test

score units. Standard errors clustered at the school level in parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 

and 90 percent confidence level.

Estimates from regressing standardized student test scores in wave 2 on indices of pre-assignment productive characteristics/investments of
students, parents, and teachers. Pre-assignment indices are constructed as described in Section 4 and scaled in predicted standardized test score
units. Standard errors clustered at the school level in parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and
90 percent confidence level.
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Appendix C Implementation of the Fishing Algorithm

In this section we provide details on our implementation of the Fishing Algorithm to detect
schools that violate the mandate to randomly assign students to classrooms.

We adapt the Fishing Algorithm from de Gendre and Salamanca (2024) to detect schools
that don’t assign Indigenous students at random to all classrooms. The original algorithm was
designed to detect schools that sort students based on ability in Taiwan middle schools; i.e. the
original algorithm is designed to detect sorting based on a sole pre-assignment characteristic:
student baseline ability. We modify the algorithm to detect imbalances across multiple pre-
assignment student characteristics in classrooms with and without Indigenous students.

We exclude all schools that do not contain any Indigenous students, because these schools
do not contribute identifying variation to our estimation strategy. In schools that do have
Indigenous students, we mark as treated classrooms those classrooms that contain at least
one Indigenous student. We then test for associations between each of the following pre-
assignment characteristics and the treated classroom dummy indicating the presence of at least
one Indigenous student in the classroom:

• Comprehensive Analytical Ability Test in Wave 1 (CAAT; number of correct answers)

• Two-parent household

• Household income of NT$50,000 and above

• At least 1 family member has a stable income

• Both parents have high school education or less

• Father is employed

• Both parents are in good health

• Child prioritized schoolwork since primary school

• Since primary school, I have reviewed what I have learned in class at home

• Since I was very young, I have liked new things or activities

• Parents contacted primary school about child behavior

• Parents contacted primary school about child mental health

• Child had private tutoring before junior high school
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• Family started helping with homework before junior high school

• Child had quarrels with parents during primary school

For each school s we construct bsk the correlation between the treated classroom dummy and
each of these k characteristics (Step 1 of the Fishing Algorithm). Next we randomly assign
students to classrooms within schools 1,000 times, keeping school structure fixed. For example,
if there are four classrooms of sizes respectively 20, 25, 30 and 35 we make sure to reassign
students maintaining the number of classrooms and their size. Across our 1,000 simulated
schools under random assignment, we compute the bsim

sk correlations and calculate for each
school Ssk the share of simulations in which bsim

sk was larger than the true bsk.

We draw 15 histograms of Ssk, one per each 15 pre-assignment characteristic. Because it would
be impractical to fit 15 Finite Mixture Models (and would introduce a lot of misclassification
issues), instead we iteratively remove schools with extreme values of Ssk until we no longer
find statistically significant associations between pre-assignment characteristics and the treated
classroom dummy. The order in which we remove schools is based on the importance of the
preassigned characteristic with respect to detection of ability sorting and sorting of Indigenous
students:

• Classroom mean number of correct answers in the Comprehensive Analytical Ability Test in
Wave 1: eight schools where the association between peer ability and the treated classroom
dummy was much more negative than expected under random assignment, indicating that
low ability students are more likely assigned to classrooms with Indigenous students.

• Classroom share of students from high income households: two schools where the associ-
ation between the classroom share of peers from high income households and the treated
classroom dummy was much more negative than expected under random assignment, indi-
cating that students from wealthier households are less likely to be assigned to classrooms
with Indigenous students.

• Classroom share of employed fathers: four schools where the association between the
classroom share of peers with a father employed and the treated classroom dummy was much
more negative than expected under random assignment, indicating that students of employed
fathers are less likely assigned to classrooms with Indigenous students.

• Classroom share of students from households where at least 1 family member has a stable
income: four schools where the correlation between the classroom share of peers from
households stable income and the treated classroom dummy was much more negative than
expected under random assignment, indicating that students from households with more
stable income are less likely assigned to classrooms with Indigenous students.
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• Classroom mean number of correct answers in the Comprehensive Analytical Ability Test in
Wave 1: one school where the association between peer ability and the treated classroom
dummy was much more positive than expected under random assignment, indicating that
the school uses an algorithm to forcibly balance student characteristics across classrooms.
These types of schools are not concerning for identification per se, as they contribute very
little to identification because they forcibly impose little variation between classrooms.

Overall, we exclude from our analyses 19 schools where Indigenous students are systemati-
cally assigned to classrooms with disadvantaged students compared to other classrooms in the
same schools.
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Appendix D Additional figures and tables

Figure D.1: Fraction of Indigenous Children Among 10 to 14 Year Olds by County

This map shows the share of Indigenous children among 10 to 14 year old children in Taiwan by county of residence. Source: Taiwan Census
2010.
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Figure D.2: Main Results of Exposure to Indigenous Students: Randomization Inference
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These figures show results of a randomization inference computations where the treatment is the classroom share of Indigenous peers in
wave 1. The results are based on estimating modified Equation 21 (dropping the interaction term between share of Indigenous peers and
being Indigenous) where classroom assignment within school is re-randomized under the null hypothesis of random assignment of students to
classes, pseudo Indigenous peer measures are construct in each pseudo-classroom, and treatment effects on test scores and student and parent
engagement are estimated. We cannot conduct this exercise for teacher engagement since this is an outcome of the exact investment of Dao Shi
and subject matter teachers which we cannot reproduce in placebo classrooms since we do not observe teacher identifiers. We re-randomize the
classrooms-within-schools structure 10,000 times. Red vertical lines present our point estimates from the preferred specification in column 3 of
Table 2 all three columns of Table 4 (modified by removing the interaction term between share of Indigenous peers and being Indigenous). The
empirical p-values are calculated as the share of placebo effects that are less extreme than the true effects.

68



Figure D.3: Common Support in Propensity Score Matching of Indigenous and Synthetic Indigenous
Students
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This figure shows the propensity score that predicts being an Indigenous student, separately for Indigenous and majority students. These
propensity scores are predicted probabilities from conditional logit estimates with school fixed effects of an Indigenous binary variable on test
scores and a complete set of pre-assignment characteristics/investments of students, parents and teachers. School fixed effects are not used to
produce the predicted probabilities.
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Table D.1: Negative Teacher Perceptions about Indigenous Students’ Ability

Outcome:

Indigenous student -0.121*** -0.153*** -0.049** -0.086***

                              (0.024) (0.022) (0.021) (0.028)

Pre-assignment test scores 0.234*** 0.237***

(0.005) (0.006)

Indigenous × Test scores -0.056***

(0.021)

School FE   

Outcome mean 0.30 0.30 0.30 0.30

R
2 0.00 0.05 0.25 0.25

Schools 154 154 154 154

Classes 576 576 576 576

Students 7,579 7,579 7,579 7,579

Above-average at problem solving

(teacher assessment in W1)

This table shows estimates from regressing a measure of teachers' subjective assessment of student problem-solving

ability in wave 1 on an Indigenous student dummy, students' test scores in wave 1, and their interaction. Standard

errors clustered at the classroom level in parentheses. ***, ** and * mark estimates statistically different from zero

at the 99, 95 and 90 percent confidence level.

This table shows estimates from regressing a measure of teachers’ subjective assessment of student problem-solving ability in wave 1 on an
Indigenous student dummy, students’ test scores in wave 1, and their interaction. Standard errors clustered at the classroom level in parentheses.
***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.

Table D.2: Association between Wave 2 Test Scores and Long-Term Outcomes

Treatment:

Mean Coef. Std. err. R
2

Schools Classes Students

Outcomes:

Test scores 2
nd

 year of high school [Std] -0.46 0.816*** (0.020) 0.69 155 535 1,753

Test scores end of high school [Std] -0.39 0.763*** (0.020) 0.66 155 531 1,705

Enrolled or finished university in 2009 0.50 0.263*** (0.014) 0.43 153 507 1,342

Enrolled or finished vocational education in 2009 0.37 -0.158*** (0.016) 0.26 153 507 1,342

Enrolled or finished university in 2013 0.38 0.166*** (0.016) 0.26 153 501 1,300

Enrolled or finished in postgraduate studies in 2013 0.17 0.093*** (0.011) 0.20 153 501 1,300

Earns above-median income in 2013 0.46 0.112*** (0.019) 0.22 148 451 909

Test scores

in wave 2 [std]

This table shows estimates from regressing student outcomes in senior high school and after graduation for selected students on the share of Indigenous peers in the

classroom. Selective attrition is accounted for via inverse probability weights. All regressions include school fixed effects and control for students' own test scores in

wave 1 and pre-assignment characteristics, and all controls are interacted with an Indigenous student dummy. Standard errors clustered at the classroom level in

parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.

This table shows estimates from regressing student outcomes in senior high school and after graduation for selected students on the share of
Indigenous peers in the classroom. Selective attrition is accounted for via inverse probability weights. All regressions include school fixed
effects and control for students’ own test scores in wave 1 and pre-assignment characteristics, and all controls are interacted with an Indigenous
student dummy. Standard errors clustered at the classroom level in parentheses. ***, ** and * mark estimates statistically different from zero at
the 99, 95 and 90 percent confidence level.
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Table D.3: Descriptive Statistics

TEPS Est. Indig. Maj. Raw w/ Sch. FE

Indigenous parent(s) 0.04 0.07 1.00 0.00 1.00 1.00***
Hakka parent(s) 0.17 0.21 0.06 0.22 -0.16*** -0.23***
Mainlander parent(s) 0.18 0.15 0.07 0.16 -0.08*** -0.06***
Hoklo parent(s) 0.82 0.80 0.18 0.85 -0.67*** -0.55***
Test scores at baseline [std] 0.00 -0.14 -0.80 -0.09 -0.72*** -0.42***
Female student 0.50 0.49 0.51 0.49 0.02 0.06**
Student aspires to go to university 0.45 0.43 0.33 0.43 -0.11*** -0.04
Students expects to go to university 0.35 0.32 0.25 0.33 -0.08*** -0.04*
Truancy in primary school 0.34 0.35 0.47 0.34 0.13*** 0.07***
Misbehavior (self-reported) 0.04 0.04 0.06 0.04 0.03* 0.02*
Truancy in class (teacher-reported) 0.02 0.02 0.04 0.02 0.02** 0.02
Fluent in
  Mandarin 0.91 0.92 0.88 0.92 -0.04** -0.02
  Taiwanese 0.37 0.37 0.10 0.39 -0.28*** -0.27***
  Hakka 0.04 0.05 0.03 0.05 -0.02*** -0.04***
  Indigenous language 0.02 0.03 0.29 0.01 0.28*** 0.25***
  English 0.15 0.13 0.05 0.14 -0.09*** -0.05***
  Foreign language 0.03 0.02 0.01 0.02 -0.01 -0.01
Parent(s) education is high school or less 0.65 0.71 0.80 0.71 0.09*** 0.08***
Household monthly income is
  NT$20,000 or less 0.11 0.12 0.30 0.11 0.20*** 0.11***
  NT$20,000-NT$50,000 0.41 0.46 0.47 0.45 0.01 0.01
  NT$50,000-NT$100,000 0.35 0.33 0.20 0.34 -0.15*** -0.07***
  More than NT$100,000 0.14 0.09 0.03 0.09 -0.06*** -0.05***
Parent(s) in good health 0.59 0.58 0.33 0.60 -0.28*** -0.24***
Financial difficulties in past 10 yrs 0.27 0.30 0.60 0.28 0.32*** 0.26***
No. of siblings of student                        1.77 1.86 2.36 1.82 0.54*** 0.27***
Index of pre-assignment productive:
  Student characteristics/investments -0.12 -0.12 -0.15 -0.12 -0.03*** -0.01
  Parent characteristics/investments -0.07 -0.13 -0.34 -0.11 -0.23*** -0.15***
  Teachers characteristics <0.01 <0.01 <0.01 <0.01 <0.01 <0.01

Observations 20,055 8,517 588 7,929 8,517 8,517

Mean of characteristics in sample:

Difference

This table shows means for all key variables in the TEPS data. The first column shows means for the entire data. The second column shows
means for our estimation sample restricted to schools where there is at least one Indigenous student. The third through fifth columns report
means for the estimation subsamples of Indigenous and majority students, and the difference between both columns. Raw mean differences
between Indigenous and majority students are calculated using two-sample t-tests assuming unequal variances. Differences conditional on
school fixed effects absorb within-school variation and the standard errors of the mean differences are clustered at the classroom level. In both
cases, ***, ** and * mark mean differences between Indigenous and majority students statistically different from zero at the 99, 95 and 90
percent confidence level. The bottom row shows the maximum number of observations . Mean estimates might use fewer observations due to
missing data points in each case.
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Table D.4: Descriptive Statistics for Indigenous, Hakka, Mainlander and Hoklo in our Estimation Sample

Indigenous Hakka Mainlander Hoklo

Indigenous parent(s) 1 0.02 0.03 0.02
Hakka parent(s) 0.06 1 0.15 0.12
Mainlander parent(s) 0.07 0.11 1 0.11
Hoklo parent(s) 0.18 0.47 0.58 1
Test scores at baseline [std] -0.80 -0.12 0.11 -0.09
Female student 0.51 0.49 0.50 0.49
Student aspires to go to university 0.33 0.43 0.49 0.43
Students expects to go to university 0.25 0.33 0.39 0.33
Fluent in
  Mandarin 0.88 0.92 0.95 0.92
  Taiwanese 0.10 0.24 0.22 0.43
  Hakka 0.03 0.17 0.04 0.02
  Indigenous language 0.29 0.01 0.01 0.01
  English 0.05 0.14 0.17 0.14
  Foreign language 0.01 0.02 0.04 0.02
Parent(s) education is high school or less 0.80 0.71 0.51 0.73
Household monthly income is
  NT$20,000 or less 0.30 0.12 0.07 0.11
  NT$20,000-NT$50,000 0.47 0.43 0.36 0.46
  NT$50,000-NT$100,000 0.20 0.36 0.40 0.34
  More than NT$100,000 0.03 0.10 0.16 0.09
Parent(s) in good health 0.33 0.61 0.58 0.60
Financial difficulties in past 10 yrs 0.60 0.26 0.24 0.29
No. of siblings of student                        2.36 1.89 1.54 1.83
Index of pre-assignment productive:
  Student characteristics/investments -0.15 -0.13 -0.12 -0.12
  Parent characteristics/investments -0.34 -0.11 0.00 -0.12
  Teachers characteristics 0.00 0.00 0.00 0.00

Observations 588 1,755 1,276 6,846

Mean of characteristics in sample:

This table shows means for all key variables in our estimation sample. The bottom row shows the maximum number of observations. Mean
estimates might use fewer observations due to missing data points in each case.
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Table D.5: Teacher Perceptions about Hakka and Synthetic Indigenous Students’ Ability

Outcome:

Hakka student 0.035** 0.035** 0.013 0.013
                              (0.016) (0.016) (0.014) (0.015)
Pre-assignment test scores 0.235*** 0.234***

(0.005) (0.006)
Hakka × Test scores 0.001

(0.012)

School FE   
Outcome mean 0.30 0.30 0.30 0.30

R2 <0.01 0.04 0.25 0.25

Schools 154 154 154 154
Classes 576 576 576 576
Students 7,579 7,579 7,579 7,579

Outcome:

Synthetic Indigenous -0.031 -0.006 0.061*** 0.045
                              (0.025) (0.025) (0.023) (0.029)
Pre-assignment test scores 0.236*** 0.237***

(0.005) (0.006)
Synthetic Indigenous × Test scores -0.027

(0.022)

School FE   
Outcome mean 0.30 0.30 0.30 0.30
R2 <0.01 0.04 0.25 0.25
Schools 154 154 154 154
Classes 576 576 576 576
Students 7,579 7,579 7,579 7,579

Above-average at problem solving
(teacher assessment in W1)

Panel B: Falsification exercise using synthetic Indigenous students

Panel A: Falsification exercise using Hakka students
Above-average at problem solving

(teacher assessment in W1)

Panel A shows estimates from regressing a measure of teachers’ subjective assessment of student problem-solving ability in wave 1 on a Hakka
student dummy, students’ pre-assignment test scores, and their interaction. Panel B shows estimates from regressing the same outcome on a
synthetic Indigenous student dummy, students’ pre-assignment test scores, and their interaction. Synthetic Indigenous students are defined as in
Section 4. Standard errors clustered at the classroom level in parentheses. ***, ** and * mark estimates statistically different from zero at the
99, 95 and 90 percent confidence level.
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Table D.6: Correlation between Test Scores and Student, Parent and Teacher Inputs

Outcome [std]:

Student engagement 0.957*** 0.794***
(0.183) (0.229)

Parent engagement 0.544* 0.101
(0.285) (0.367)

Teacher engagement 0.945*** 0.921***
(0.258) (0.279)

R-Squared 0.66 0.66 0.65 0.66
Students 1,708 1,701 1,244 1,194

Outcome [std]:

Student engagement 1.284*** 1.024***
(0.182) (0.233)

Parent engagement 0.778*** 0.360
(0.295) (0.373)

Teacher engagement 1.236*** 1.095***
(0.210) (0.211)

R-Squared 0.63 0.61 0.62 0.63
Students 1,662 1,657 1,207 1,161

Panel B: Outcomes at the end of high school (Wave 4)
Test scores in Wave 4

Panel A: Outcomes in 2nd year of high school (Wave 3)
Test scores in Wave 3

Panels A and B of this table show estimates from regressing standardized test scores in waves 3 and 4 on indices of productive engagement of
students, parents, and teachers in wave 2. Productive engagement indices are constructed as described in Section 4 and scaled in predicted
standardized test score units. All regressions include school fixed effects and control for pre-assignment test scores and indices of productive
characteristics/investments of students, parents and teachers, and all controls are interacted with an Indigenous student dummy. All regressions
additionally use inverse probability weights to correct for potentially selective sample attrition. Standard errors clustered at the classroom level
in parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table D.7: Sojourner (2013) Correction for Missing Peer Data

K = 2 5 10 20 40 80 School FE
Outcome:
  Test scores [std] -0.959** -0.587*** -0.602** -0.761** -1.093*** -1.053*** -1.056***

(0.413) (0.210) (0.246) (0.300) (0.308) (0.299) (0.295)

  Student engagement -0.174** -0.064 -0.075 -0.114* -0.135** -0.137** -0.113*
(0.088) (0.055) (0.059) (0.061) (0.064) (0.068) (0.066)

  Parent engagement -0.088** -0.084*** -0.092*** -0.109*** -0.087*** -0.095*** -0.093***
(0.044) (0.024) (0.025) (0.027) (0.028) (0.029) (0.029)

  Teacher engagement -0.475* -0.132 -0.130 -0.269 -0.431** -0.437** -0.457**
(0.268) (0.158) (0.177) (0.165) (0.192) (0.193) (0.207)

Effect of Indigenous peers × Share of sampled peers with K-cile interactions:

This table shows estimates from regressing standardized outcomes in wave 2 on the share of Indigenous peers in the classroom interacted with
the share of sampled peers in the classroom, as described in Sojourner (2013). Each row shows effects on a different outcome and each column
shows a different specification where similar schools in terms of their share of indigenous students are grouped in K-ciles of that variable, and
fixed effects for each K-cile are interacted with the sampled share of peers. Sojourner (2013) shows that using fewer K-ciles can dramatically
increase the precision of the effect of interest at the expense of introducing a little bias. The rightmost column implements Sojourner’s unbiased
estimator which interacts the sampled share of peers with all school fixed effects. All regressions include school fixed effects and control for
pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all controls are interacted
with an Indigenous student dummy. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table D.8: Robustness Checks: Alternative Samples —Excluding Schools

Excluded schools:
None

(baseline)
Indigenous 

majority
Indig./Hakka 

majority
Private

Share Indig.
inconsistent

Outcome: 

Share of Indigenous peers -0.405*** -0.465*** -0.434*** -0.391*** -0.400**
                              (0.131) (0.140) (0.147) (0.134) (0.190)

Students 8,517 8,166 7,286 8,251 7,566

Outcome: 

Share of Indigenous peers -0.065** -0.074** -0.071* -0.062* -0.128***
                              (0.032) (0.035) (0.037) (0.033) (0.036)

Students 8,288 7,949 7,095 8,026 7,362

Outcome: 

Share of Indigenous peers -0.040*** -0.046*** -0.047*** -0.041*** -0.052***
                              (0.015) (0.016) (0.016) (0.016) (0.019)

Students 8,166 7,858 7,002 7,908 7,246

Outcome: 

Share of Indigenous peers -0.121* -0.129* -0.191** -0.130* -0.147
                              (0.072) (0.071) (0.074) (0.073) (0.102)

Students 6,067 5,876 5,185 5,921 5,386

Test scores [std]

Teacher engagement

Parent engagement

Student engagement

This table shows estimates from regressing standardized outcomes in wave 2 on the share of Indigenous peers in the classroom. Different
columns show estimates that exclude potentially troublesome observation groups from the sample. All regressions include school fixed effects
and control for pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all controls
are interacted with an Indigenous student dummy. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent
confidence level.
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Table D.9: Robustness Checks: Alternative Samples —Excluding Majority Student Subgroups

Excluded students:
None

(baseline)
Hakka Waishengren

Hakka & 
Waishengren

Outcome:

Share of Indigenous peers -0.405*** -0.395*** -0.290** -0.279*
                              (0.131) (0.138) (0.138) (0.146)

Students 8,517 6,762 7,241 5,675

Outcome:

Share of Indigenous peers -0.065** -0.063* -0.060* -0.064*
                              (0.032) (0.037) (0.033) (0.039)

Students 8,288 6,574 7,046 5,515

Outcome:

Share of Indigenous peers -0.040*** -0.049*** -0.047*** -0.054***
                              (0.015) (0.017) (0.015) (0.017)

Students 8,166 6,470 6,936 5,426

Outcome:

Share of Indigenous peers -0.121* -0.148** -0.125* -0.149**
                              (0.072) (0.070) (0.072) (0.070)

Students 6,067 4,797 5,160 4,032

Test scores [std]

Student engagement

Parent engagement

Teacher engagement

This table shows estimates from regressing standardized outcomes in wave 2 on the share of Indigenous peers in the classroom. Different
columns show estimates that exclude potentially troublesome observation groups from the sample. All regressions include school fixed effects
and control for pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all controls
are interacted with an Indigenous student dummy. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent
confidence level.
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Table D.10: Robustness Checks: Redefining Indigenous Students as Those for whom Both Parents
Identify as Indigenous

Outcome:
Test 

scores [std]
Student 

engagement
Parent

engagement
Teacher 

engagement

Share Indigenous peers (both parents) -0.330** -0.067* -0.036* -0.045
                              (0.158) (0.037) (0.019) (0.079)
Indigenous peers × Indigenous 0.081 0.029 -0.004 0.012

(0.099) (0.034) (0.016) (0.035)

R2 0.63 0.03 0.06 0.06
Schools 155 155 155 152
Classes 588 588 588 504
Students 8,517 8,288 8,166 6,067

Redefining students/peers as when both  parents identify as Indigenous

This table shows estimates from regressing outcomes in wave 2 on the share of Indigenous peers in the classroom, and its interaction with
an Indigenous student dummy, when Indigenous is defied when both parents (rather than any) identifies as Indigenous. Combinations of one
Indigenous parent and a second with missing information are treated as Indigenous. All regressions include school fixed effects and control for
pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all controls are interacted
with an Indigenous student dummy. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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Table D.11: Main Results Scaled by Inverse Probability Weights

Weights:
None

(baseline)
IPW for selection 

into estimation sample
Outcome:

Share of Indigenous peers -0.404*** -0.545***
                              (0.131) (0.176)

Students 8,517 8,517

Outcome:

Share of Indigenous peers -0.064** -0.092***
                              (0.032) (0.032)

Students 8,288 8,288

Outcome:

Share of Indigenous peers -0.040*** -0.030*
                              (0.015) (0.017)

Students 8,166 8,166

Outcome:

Share of Indigenous peers -0.121* -0.115
                              (0.072) (0.074)

Students 6,067 6,067

Teacher engagement

Parental investments

Student behaviors

Test scores [std]

This table shows estimates from regressing standardized outcomes in wave 2 on the share of Indigenous peers in the classroom. The rightmost
column shows estimates using inverse probability weights (IPW) to account for differences between our main estimation sample and the entire
TEPS data. These weights use pre-assignment student and peer characteristics as predictors. We winsorize weights at their 1st and 99th percentile.
All regressions include school fixed effects and control for pre-assignment test scores and indices of productive characteristics/investments of
students, parents and teachers, and all controls are interacted with an Indigenous student dummy. ***, ** and * mark estimates statistically
different from zero at the 99, 95 and 90 percent confidence level.
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Table D.12: Falsification Test Using Hakka and Synthetic Indigenous Students

Outcome:
Test 

scores [std]
Student 

engagement
Parent

engagement
Teacher 

engagement

Share of Hakka peers -0.037 -0.006 -0.006 0.059
                              (0.096) (0.019) (0.010) (0.050)
Hakka peers × Hakka 0.017 0.014 0.010 -0.004

(0.072) (0.016) (0.009) (0.020)

R2 0.63 0.03 0.03 0.06

Schools 155 155 155 152
Classes 588 588 588 504
Students 8,517 8,288 8,166 6,067

Outcome:
Test 

scores [std]
Student 

engagement
Parent

engagement
Teacher 

engagement

Share of synthetic Indigenous peers -0.153 -0.034 -0.056*** -0.055
                              (0.174) (0.036) (0.016) (0.086)
Synthetic peers × Synthetic Indigenous 0.289 0.007 0.026 0.025

(0.251) (0.056) (0.039) (0.067)

R2 0.63 0.04 0.06 0.07
Schools 152 152 152 149
Classes 535 535 535 463
Students 6,905 6,728 6,635 5,037

Panel A: Falsification exercise using exposure to Hakka peers

Panel B: Falsification exercise using exposure to synhetic Indigenous peers

Panel A of this table shows estimates from regressing standardized outcomes in wave 2 on the share of Hakka peers in the classroom, and
its interaction with a Hakka student dummy. Panel B of this table shows estimates from regressing standardized outcomes in wave 2 on the
share of synthetic Indigenous peers in the classroom, and its interaction with a synthetic Indigenous student dummy. A synthetic Indigenous
student is defined as the majority student whose observable characteristics are closest to their Indigenous peer in school. This proximity is
operationalized via propensity scores using test scores and all pre-assignment characteristics in wave 1. All regressions include school fixed
effects and control for pre-assignment test scores and indices of productive characteristics/investments of students, parents and teachers, and all
controls are interacted with an Indigenous student dummy. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90
percent confidence level.
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Table D.13: Extensive and Intensive Margin Effects of Exposure to Indigenous Peers

Outcomes [std]: Test scores Students Parents Teachers

Any Indigenous peers -0.047*** -0.011*** -0.003 -0.005
(0.017) (0.003) (0.002) (0.009)

R2 0.63 0.03 0.06 0.06

Students 8,517 8,288 8,166 6,067

Outcomes [std]: Test scores Students Parents Teachers

Any Indigenous peers -0.029 -0.012** 0.001 0.009
(0.020) (0.005) (0.002) (0.011)

Share of Indigenous peers -0.224 0.008 -0.049** -0.171*
(0.146) (0.044) (0.021) (0.089)

Implied marginal effects:
  No Indig. → Median exp. (7.7%) -0.046*** -0.011*** -0.002 -0.004

(0.017) (0.003) (0.001) (0.009)

  Low exp. (5.5%) → High exp. (50%) -0.099 0.004 -0.022** -0.076*
(0.065) (0.019) (0.009) (0.040)

R2 0.63 0.03 0.06 0.06

Students 8,517 8,288 8,166 6,067

Index of productive engagement of:

Index of productive engagement of:

Panel A: Effects at the extensive margin only

Panel B: Effect decomposition at the extensive and intensive margins

This table shows estimates from regressing standardized outcomes in wave 2 on a dummy for whether students have any Indigenous peer in the
classroom, and on the share of Indigenous peers in the classroom. Panel A includes only the dummy regressor, isolating effects of the extensive
margin of exposure to Indigenous peers. Panel B includes the dummy and the share as regressors simultaneously, decomposing the extensive and
intensive effects. Productive engagement indices are constructed as described in Section 4 and scaled in predicted standardized test score units.
All regressions include school fixed effects and control for pre-assignment test scores and indices of productive characteristics/investments
of students, parents and teachers, and all controls are interacted with an Indigenous student dummy. Implied marginal effect estimates are
constructed using linear combinations of the main coefficients. The top estimate calculates the effect of moving from no exposure to Indigenous
peers to being in the median exposed classroom (with 7.7% of Indigenous peers). The bottom estimate calculates the effect of moving from the
5th to the 90th percentile in Indigenous peer exposure (from 5.5% to 50% Indigenous peers). Standard errors clustered at the classroom level in
parentheses. ***, ** and * mark estimates statistically different from zero at the 99, 95 and 90 percent confidence level.
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