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Abstract 

Academics have thought of many ways to reduce the gaps in academic achievement for 

ethnic minorities, one of which is through manipulating the classroom composition. Many 

studies show that there are positive spill-overs or peer effects of sharing space with better 

performing students (Sacerdote, 2001). However, other studies find that students from 

ethnic minorities tend to be negatively affected by ethnically diverse classes, either because 

of racial stereotypes or segregation (Steele and Aronson, 1995). This study applies Lee’s 

(2007) linear-in-means model with fixed effects to a sample of approximately 140 thousand 

students from a national education census in Peru to disentangle endogenous peer effects 

from contextual peer effects, while solving for self-selection and the reflection problem. The 

study focuses on the effects of ethnic diversity on Peruvian indigenous students. Results 

suggest that the effect of class composition on ethnically diverse classes is driven by two 

distinct and opposing channels, one related to abilities spill-overs and one to stereotypes and 

segregation. Endogenous peer effects are negative, possibly due to incentives faced by 

teachers and school directors to focus on better students and neglect the poorer performing 

ones, thus enlarging the gap between them. In terms of ethnic composition, results are 

heterogeneous: indigenous students benefit from a large proportion of similar peers, but the 

effect is the opposite for non-indigenous students. The study concludes that the current 

composition of the average Peruvian class is suboptimal, and a larger proportion of 

indigenous students could help reduce the current gaps in achievement due to ethnicity.  
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1. Introduction 

Educational achievement has been on the rise in Peru during the last decade, mostly because 

of the country’s favourable macroeconomic climate and major educational reforms. 

However, students’ achievement varies tremendously according to socioeconomic status and 

ethnic background, perpetuating the already high levels of inequality. By 2016, only 2.3% of 

indigenous students attending second grade of secondary school had achieved a satisfactory 

level for mathematics in the ECE evaluation (a national census for measuring quality of 

education in schools), compared to 11.4% when looking at the whole population. At the 

same time, only 1.5% and 2.6% of indigenous students achieved a satisfactory level for 

reading and history, geography and economy, respectively, compared to 14% and 15% of 

the whole population.  

The indigenous population has been historically marginalized, typically living in rural areas, 

or having migrated and living on the outskirts of big cities1; and facing high incidence of 

poverty, malnourishment and lack of access to basic services2. These characteristics are 

important drivers of their poor academic performance, but evidence shows individual 

characteristics are not the only determinants of education achievement. Studies like the ones 

from Sacerdote (2001) and Carrell et al (2009) show positive peer effects of sharing space 

with better performing students, and suggest mixing good performing with bad performing 

students could benefit the latter. This applies to ethnic minorities, who usually perform worse 

than their peers. However, peer effects studies are inconclusive: When positive, peer effects 

are moderate, small or insignificant, and sometimes even negative (Foster, 2006; Carrell et 

al., 2013). On the other hand, psychological related literature (Steele and Aronson, 1995; 

Inzlicht and Ben-Zeev, 2000) shows that students with ethnic backgrounds tend to be 

negatively affected by diverse spaces, either because of racial stereotypes or segregation.  

Given the indigenous students’ characteristics, there are at least two components driving the 

effect of ethnic composition over academic achievement. First, students with an indigenous 

background may be positively (or negatively) affected by sharing class with students with 

better academic abilities. This effect is related to academic background and abilities of the 

students, and not directly with ethnicity. Second, racial stereotypes and discrimination in 

                                                            
1 Migration from rural to urban cites is common: many indigenous people now live in cities, usually settling in 
the outskirts, where they get some improvement in access to services but also face segregation and poverty. 
2 Data from the 2016 household survey (ENAHO) shows income in Spanish households is 50% larger than 
in indigenous households. By this year, 30% of indigenous population was still living under the poverty line. 
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classes may affect the results of indigenous students, reducing their motivation and causing 

stress. Using data of Peruvian schools, this study analyses how the proportion of indigenous 

children in classrooms affect their academic outcomes, disentangling the multiple peer effects 

involved.  

Identifying class composition effects is a complicated task, since three different effects must 

be identified: Endogenous peer effects, where the results of the individual change through a 

change in the peers’ results; the contextual peer effects, where the results of the individual change 

given the characteristics of the peers; and the correlated effects, where members of a group tend 

to behave similarly given their characteristics.  

As detailed by Manski (1993), the existence of these three different effects originates three 

potential problems. The first problem is self-selection, which makes it difficult to separate 

correlated effects from peer effects. In my study, we might be concerned about self-selection 

into schools and class-rooms. Indigenous students usually live in poorer areas, and attend 

poorer schools. Also, children might be separated into classes within the same school 

according to certain characteristics, either because of specific school policies, or because 

more influential parents may lobby to get their children in classes with better teachers. Thus, 

indigenous students may be selected into classes with worse peers and teachers, making it 

common to find that classes with a larger proportion of indigenous students perform worse. 

This, however, is not an effect of class composition, but a consequence of how classes are 

formed. The second problem is the reflection problem, which makes it difficult to 

differentiate between contextual and endogenous peer effects3. Addressing this problem is 

of particular relevance for this study, since its main goal is to differentiate between 

endogenous (ability) and contextual (ethnicity) peer effects, which are correlated. A third 

problem is the identification of the relevant groups. The analysis assumes a priori that classes 

are the relevant groups.  

The main objective of these paper is to test the existence and analyse the channels through 

which class composition in terms of ethnicity affects results, with a focus in how to improve 

results for indigenous students. To do so, it is necessary to solve for self-selection and the 

reflection problem, and to isolate the endogenous peer effects from other effects produced 

by ethnic diversity. I use a method developed by Lee (2007) on data from the ECE census - 

                                                            
3 The contextual peer effects are all other characteristics that may influence the peers’ results that are not the 
endogenous effect (e.g. ethnicity, socioeconomic background). 
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an evaluation done to all students in second grade of secondary school – to solve the self-

selection and reflection problems, and to separately estimate endogenous and contextual peer 

effects. This method exploits variation in group size and uses class fixed effect to identify 

the aforementioned effects. Additionally, I add an interaction effect between class 

composition and ethnicity to allow for heterogeneities. This is the first time heterogeneous 

effects are included in the derivation of Lee’s model, making it a contribution to the model 

and to the peer effects literature. I report results for mathematics, reading, and history, 

geography and economy for a sample of approximately 140 thousand students in ethnic 

diverse classes (at least one indigenous and one non indigenous student) of second secondary 

grade. 

After solving the reflection problem, results confirm the existence of two opposing channels: 

one endogenous related to abilities, and one exogenous related to ethnicity and other 

characteristics. The estimates show negative endogenous peer effects, possibly due to the 

incentives faced by the teachers and school directives to focus on better students and neglect 

bad ones, thus enlarging the gap between them, or as a consequence of within-classroom 

group formation.  Moreover, results of ethnic composition are heterogeneous: the 

proportion of indigenous students in class has a small positive effect on indigenous students, 

but larger negative effects on the others. Finally, the study concludes that the current 

composition of the average Peruvian class is suboptimal, and a redistribution to achieve 

larger proportion of indigenous students could help reduce the current gaps in achievement. 

To my knowledge, this is the first study to disentangle the channels through which ethnic 

diversity in class rooms affects academic outcomes. As will be explained in the next section, 

previous studies trying to identify the effects of ethnic diversity fail to disentangle the 

channels correctly, possibly leading to biased conclusions about the effects of class 

composition. Considering the different characteristics of ethnic groups and their effect on 

their peers is fundamental to understand the effects of class composition in its full dimension. 

This is also the first quantitative study to address the problem of indigenous people in ethnic 

diverse classes in Peru. At the same time, it is the first time Lee’s model has been used in the 

context of a developing country.  

The paper is divided as follows. Section 2 briefly discusses the previous literature and the 

conceptual framework; Section 3 explains the methodology; Section 4 presents the Data; 

Section 5 shows the empirical results; and Section 6 interprets the results. Section 6 is divided 

in 2 subsections: Subsection 6.1 explains the possible mechanisms and 6.2 discusses the 
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optimal class composition. Section 7 concludes. The simulations for the CML estimator, and 

a short analysis of the presence of ethnic segregation in classes are shown in the Appendix. 

2. Literature Review and Conceptual Framework 

This paper is based on the peer effects literature and the racial stereotypes literature. The 

study proposes a link between both literatures, where contextual effects like the ethnic 

composition of the class and endogenous peer effects related to ability are both channels 

through which ethnic diversity in class composition affects results.  

The first literature is usually concerned about finding the endogenous peer effects, based on 

the idea that sharing a classroom with better achieving students can lead to a multiplicative 

positive (or negative) effect on each individual student. Measuring peer effects, however, is 

a complicated task: the researcher needs to specify the reference groups, then solve for self-

selection to separate peer effects from correlated effects, and finally address the reflection 

problem (Manski, 1993) to separate endogenous from contextual peer effects. 

Though many studies use data from students’ social networks (friends) to address the 

problem of relevant groups, it is a common practice to analyse peer effects at a class level 

(Ammermueller and Pischke, 2009) due to data availability. To solve the problem of self-

selection, some studies take advantage of cases where students are randomly selected into 

groups. Sacerdote (2001) exploits the fact that new students at Darthmouth College are 

randomly assigned to their roommates, and finds that sharing room with a student with good 

academic results has a positive impact in academic results at the end of the year. Kang (2007) 

exploits quasi-randomization of students in South Korean’s middle-schools, finding a 

positive correlation between students’ results and their peers’ mean achievement. Other 

studies have focused on estimating peer effects with observational data, using fixed effects 

at a group level to solve the self-selection problem. To avoid the peer effects from being 

absorbed in the fixed effects, it is usually necessary to define fixed effects at a larger level 

than the reference group. In this way, Ammermueller and Pischke (2009) used fixed effects 

at a school level to find peer effects at a class level. This, however, requires variation between 

classes to be exogenously determined, so selection into classes should be random.  

Although providing interesting results, all of these studies fail to truly address the reflection 

problem, since they are unable to disentangle endogenous from contextual peer effects. 

Instead, they are implicitly assuming the inexistence of contextual effects, or estimating a 
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reduced form model where the parameter includes both effects. Lee (2007) proposes a model 

that finally solves this problem. In his model, peer groups are defined for each individual as 

the group excluding the individual itself. Thus, each member of the group will have his own 

reference group within the group, permitting the separation contextual and endogenous peer 

effects while using a within estimation. Lee’s model will be discussed in more detail in the 

methodology section. On this matter, Boucher et al (2014) use Lee’s model on secondary 

school students in Canada, finding positive endogenous peer effects. No study using this 

methodology has been conducted in low- or middle-income countries.  

On the other hand, the literature about racial stereotypes and other kinds of discrimination 

in ethnic diverse classrooms is related to the contextual peer effects channel. Steele and 

Aronson (1995) and Steele (1997) find that racial stereotypes explain an important part of 

low academic performance in black students in the USA, even when controlling for 

socioeconomic background. Further studies showed that the negative effects on stereotyped 

minorities are higher when the presence of other ethnic groups is large. Inzlicht and Ben-

Zeev (2000) found that math scores for a group of girls diminished when male peers were 

introduced to the classroom, increasing the gap between boys and girls. Inversely, a study by 

Marx and Roman (2002) showed that girls improved their math test’s results when visited by 

a female examiner. Both of these studies show how the presence and representativeness of 

different groups in the classroom can influence the outcomes by reinforcing social 

stereotypes and causing stress. However, stereotypes not only generate bad results because 

of stress: They can also lead to fear, segregation, harassment and bullying. Gray-Little and 

Hafdahl (2000) find that classes with more combinations of different distinct ethnic groups 

may have negative effects on self-esteem. Agirdag et al (2011) find that students from ethnic 

minorities are less prone to be victims of segregation when surrounded by more students 

from the same ethnic group. Buhs et al (2006) show segregation can lead to negative effects 

on academic results. As shown, ethnic diversity in classes can lead to worse academic 

outcomes for minorities through many mechanisms related to stress and self-esteem. 

Many studies document the presence of these stereotypes and other forms of discrimination 

in Peruvian schools (Valdivia, 2003; Valdivia et al., 2007). A study conducted by Glewwe et 

al (2014) finds that indigenous students learn less in schools than their peers, even when 

attending the same education centre. Kudo (2004) and Rodriguez Lozano (2012) find it is 

more probable for these students to work and study, repeat grades and abandon school. To 
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my knowledge, there have not being any studies about the effects of racial stereotypes on 

academic achievement conducted to this specific population. 

Following Manski’s reasoning, the existence of multiple peer effects may explain why some 

studies end up contradicting each other. For example, Angrist and Lang (2004) used evidence 

from an integration program in the United States that increased the number of students from 

minority groups in previously less diverse schools (thus increasing the number of low-

performing students). They do not find any negative peer effects on white students’ results, 

but do find some negative effects on black female students. These results suggest that either 

there are negative contextual peer effects (driven by stereotypes), endogenous peer effects 

are negative, or both. On the existence of negative peer effects, Foster (2006) finds small 

negative peer effects measured as SAT score on men’s GPAs. Carrell et al (2009) use 

exogenous variation to peer groups and find that an increase in the peer average score for 

verbal SAT increases each individual’s results, suggesting positive peer effects. However, 

when in a paper by Carrell et al. (2013) they use these same results to endogenously assign 

peer groups to maximize the performance of lower ability students, they find negative peer 

effects. 

The main objective of this study is to understand and disentangle the endogenous peer 

effects from the contextual effects in terms of ethnicity. No studies have been conducted to 

address the specific question of ethnic diverse classes in Peru and its effect on indigenous 

students. A study by Cueto et al. (2016) finds positive effects of classroom composition 

according to parents’ education level over academic achievement and socioemotional abilities 

in Peru, but they do not disentangle endogenous from contextual peer effects. The following 

section will explain the methodology used to solve this issue. 

3. Methodology 

The methodological basis for this work builds on Lee (2007)4. Particularly, this study uses 

Lee’s linear-in-means model with fixed effects, estimated with a conditional maximum 

likelihood. The key assumptions, main equations and an explanation of the econometric 

methods are presented in the following paragraphs. Notation has been changed from Lee’s 

paper, following Boucher et al (2014) approach to the model, to facilitate its reading. 

                                                            
4 Bramoullé et al. (2009) and Boucher et al. (2014) work over Lee’s model were also considered in the 
development of this study. 
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Some key assumptions are needed for this model to work. First, it is assumed that groups 

are defined by classes, and that students interact only with members of their class. Even if 

this is not the first study to define groups a priori (Boucher et al., 2014), it is still a strong 

assumption. It is possible for students to be interacting at school or district level, and it is 

also possible that sub groups are endogenously formed within classes. Given the nature of 

the data, it is not possible to identify exactly which students are interacting with each other. 

Second, Lee’s model assumes that each student’s peer group is different from the whole 

group (the class) by excluding the individual herself. This assumption is key, since it is 

necessary to allow the use of class-level fixed effects, and to solve the reflection problem. 

The third assumption is that the linear-in-means model is sufficient to evaluate each student’s 

resulting score. The linear-in-means model proposed looks as follows: 

𝑦𝑟,𝑖 = 𝛼𝑟 + 𝛽
∑ 𝑦𝑟,𝑖𝑗∈𝑃𝑖

𝑚𝑟−1
+ 𝜸𝒙𝑟,𝑖 + 𝜹

∑ 𝒙𝑟,𝑖𝑗∈𝑃𝑖

𝑚𝑟−1
+ 𝜌𝑧𝑟,𝑖 + 𝜀𝑟,𝑖          (1) 

where 𝑦𝑟,𝑖 is test score for student 𝑖 in class 𝑟, which depends on the mean of her classmates’ 

test score 
∑ 𝑦𝑟,𝑖𝑗∈𝑃𝑖

𝑚𝑟−1
 (not including student 𝑖), some individual characteristics described by 

vector 𝒙𝑟,𝑖 , the mean of his peers characteristics 
∑ 𝒙𝑟,𝑖𝑗∈𝑃𝑖

𝑚𝑟−1
, and an interaction term 𝑧𝑟,𝑖 =

𝑥1𝑟,𝑖

∑ 𝒙1𝑟,𝑖𝑗∈𝑃𝑖

𝑚𝑟−1
, where 𝑥1 represents the first input of the x vector: ethnicity. Parameter 𝛼𝑟 

captures all group invariant unobserved variables, and 𝜀𝑟,𝑖 is the error term. The coefficient 

𝛽 captures the endogenous peer effect, while the vector of coefficients 𝜹 captures the 

exogenous peer effects, including the effect of the class composition in terms of ethnicity. 

The vector of coefficients 𝜸 captures individual effects, and 𝜌 captures the effect of the 

interaction between ethnicity and the proportion of indigenous students in class. This 

interaction term was not included in Lee’s original model or in any other paper following his 

strategy, but it is a contribution of this study. 

To eliminate parameter 𝛼𝑟, let us use a within transformation. Let us assume 

𝐸(𝜀𝑟,𝑖|𝑿𝑟 , 𝑚𝑟𝛼𝑟) = 0). The within reduced form equation is: 

𝑦𝑟,𝑖 − 𝑦̅𝑟 =
𝜸−

𝜹

𝑚𝑟−1

1+
𝛽

𝑚𝑟−1

(𝒙𝑟 − 𝒙̅𝑟) +  
𝜌

1+
𝛽

𝑚𝑟−1

(𝑧𝑟 − 𝑧𝑟̅) +
1

1+
𝛽

𝑚𝑟−1

(𝜀𝑟,𝑖 − 𝜀𝑟̅)  (2) 

All means of this model are computed for all students in the group (that includes student 𝑖). 

It is worth noticing that the effect of class size is controlled by the fixed effect. Assuming 
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that the individual is excluded from his own peer groups allows distinguishing peer effects 

from correlated effects, and endogenous from contextual peer effects in the structural 

equation. Then, I will need a method to recover the structural parameters. 

The model will be estimated using a conditional maximum likelihood estimator (CML). As 

explained by Lee (2007) a within OLS would behave properly only when the sizes of groups 

are much larger than the total number of groups, a property that is violated in our data. Also, 

when class sizes are too big, the CML would converge to the OLS, leading to biased results. 

Before deriving the log-likelihood function, we correct for missing values, as done in 

Davezies et al. (2009) and implemented in Boucher et al. (2014). Even when all students were 

supposed to take the exam, some variables are missing. However, most of the missing 

variables are found in socioeconomic and ethnic background variables, and not in the exams’ 

results. There is no reason to assume this represents any systematic bias. The total number 

of missing observations represents less than 5% of the total sample. Before doing the 

correction specified in Davezies et al. (2009), classes with more than two missing 

observations5 will be excluded to prevent possible biases. The log-likelihood function, after 

correcting for missing values, and assuming a normal distribution for the error, looks as 

follows: 

𝑙𝑛𝐿 = 𝑐 + ∑(𝑛𝑟 − 1) ln(𝑚𝑟 − 1 + 𝛽)

𝑅

𝑟=1

−
𝑁 − 𝑅

2
ln(𝜎2) − 

1

2𝜎2
∑ (

𝑚𝑟−1+𝛽

𝑚𝑟−1
𝒚𝑟

∗ − 𝑿𝑟
∗ (𝑚𝑟−1)𝛾−𝛿

𝑚𝑟−1
− 𝜌𝒛𝒓

∗)
′

(
𝑚𝑟−1+𝛽

𝑚𝑟−1
𝒚𝑟

∗ − 𝑿𝑟
∗ (𝑚𝑟−1)𝛾−𝛿

𝑚𝑟−1
− 𝜌𝒛𝒓

∗)𝑅
𝑟=1        (3) 

 

Where 𝒂𝑟
∗ = (𝒂𝑟 − 𝒂̅𝑟), 𝑐 is a constant, 𝑚𝑟 is the total number of students in class r, 

𝑛𝑟 represents the number of non-missing peers in group r 6, N is the total number of non-

missing observations, R is the total number of classes, and  𝜎2 is the error variance. 

Variables 𝒚𝑟
∗ , 𝑿𝑟

∗ , 𝒛𝑟
∗  are the matrix equivalents to the variables presented in equation 2. 

The parameters are recovered using the Matlab’s fmincon function and a programme written 

specifically for this study. There was no online version of Lee’s estimator, so the writing of 

the program was done entirely by the author of this paper. To be sure the program was 

working properly and recovering the right estimators, a number of simulations were 

                                                            
5 A series of simulations were performed to understand how missing observations could influence the results. 
6 So it follows that  ∀𝑟, 𝑛𝑟 ≤, 𝑚𝑟 . 
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performed. The simulations and all the information about how they were implemented can 

be found in the Appendix. 

4. Data 

The data used comes from the Peruvian census of educational attainment7 (ECE, for its 

name in Spanish). Each year, Peruvian students from 2nd grade of primary and 2nd grade of 

secondary take a test that measures their skills in mathematics and language, which is 

evaluated in Spanish. In year 2016, a test for history, geography and economy was added. 

The scores are analysed by the ministry of education following the Rasch model, with mean 

500. The suggested way of interpreting the scores is described in Table I. The exam is 

compulsory, and all students are required to take it. There is no formal punishment for 

students who perform badly in the exam, but the results at the school level are then used by 

the Ministry of Education as a criteria for allocating resources (Budgeting for Results). 

Besides the exam, students answer a questionnaire about their gender, socioeconomic and 

family backgrounds, and other variables. This questionnaire is self-assessed, and does not 

has any impact on the scores. The census also recovers information about the class 

distribution, and each student can be linked to a specific class, grade and school.  

Table I: Interpreting Scores 

 Below initial point Initial point In process Satisfactory 
Math score <520 [520,595] [596,648] 648< 
Reading score <505 [505,580] [581,640] 640< 
History score <426 [426,499] [500,606] 606< 
Source: MINEDU UMC (Ministry of Education, Peru) 

 

I only used data for second secondary school in the analysis. Primary schools in Peru are 

more common and more dispersed than secondary schools, so students can attend primary 

school in their own localities, but in many cases are forced to leave their communities to 

attend secondary school in larger cities or towns. Also, Intercultural Bilingual Education 

(EIB) is available only for primary schools, and not for secondary education. Thus, students 

coming from an indigenous background can do their primary education studies at their own 

communities and in their own languages, and only be confronted with students from 

different backgrounds once they reach secondary education. 

The total population of students attending second grade of secondary school in Peru is 

around half a million. This study focuses on multiculturalism in schools, so only data of 

                                                            
7 The data set is available online upon request. 



10 
 

classes with at least one indigenous student and one non-indigenous student is analysed. 

Indigenous background is measured using a question about their parents’ main language: A 

child is considered as having an “ethnic background” if at least one of her parents spoke with 

her in an indigenous language8. Also, the final sample includes only classes for which a 

maximum of two observations are missing, and with at least more than 5 students (thus, no 

class has more than 50% missing observations). Assuming missing observations are 

randomly generated, it would be more probable to encounter missing observations in larger 

classes than in smaller classes. Given the size of the sample, getting rid of missing 

information should not represent a problem in terms of statistical power. The final sample 

has 141,578 students, distributed across 4,766 schools and 6,890 classes. 

 

Table II shows the descriptive statistics of the final data. As we can see, on average students 

perform better in language than in maths or history. The low score in history may be caused 

by the lack of attention that the Peruvian system gave to this topic, in favour of a much more 

intensive focus on maths and reading skills. Also, 2016 was the first year in which history 

was evaluated as part of the census. For all three results, students with an indigenous 

                                                            
8 Just 0.1% of the children spoke only foreign languages (typically English) with their parents, and were 
counted as not having an ethnic background (same with Spanish speakers). 

Table II: Summary Statistics 

 Total Sample 
Non-indigenous 

students 
Indigenous 

students 
Diff  Mean SD Mean SD Mean SD 

Maths Score 544.72 77.05 555.96 76.45 506.82 66.22 -49.14*** 

Language score 550.25 66.43 562.07 65.21 510.39 53.81 -51.68*** 

History score 482.11 96.37 496.15 95.32 434.75 84.04 -61.4*** 

Male 0.51 0.50 0.51 0.50 0.50 0.50 -0.01** 

Socioeconomic status index -0.38 0.93 -0.18 0.89 -1.05 0.72 -0.88*** 

Socioeconomic status (high) 0.18 0.38 0.22 0.41 0.03 0.16 -0.19*** 

Socioeconomic status (med) 0.34 0.47 0.39 0.49 0.15 0.36 -0.24*** 

Harassment dummy 0.26 0.44 0.24 0.43 0.32 0.47 0.08*** 

Repeated a year 0.23 0.42 0.21 0.40 0.33 0.47 0.13*** 

At least one parent finished 
secondary school 

0.60 0.49 0.67 0.47 0.36 0.48 -0.31*** 

Rural 0.17 0.37 0.11 0.32 0.34 0.47 0.23*** 

Class Size 24.68       

School Size 103.78       

Number of Observations 141,578  109,199  32,379   

Proportion of total sample 1.00  0.77  0.23   

Number of classes 6,890       

Number of schools 4,766       

Note:  .01 - ***; .05 - **; .1 - * 
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background perform significantly worse than their peers. History and language are the 

courses were larger differences between students from different ethnic backgrounds are 

found, while differences in math are still important. This might be related to differences in 

their ability to speak Spanish. Indigenous students are also significantly poorer, and in 

average they go more to schools located in rural areas than non-indigenous students. 

Students with an indigenous background are also typically more likely to be victims of 

harassment in schools9, being harassed significantly more the than their peers by 8%. This 

could serve as weak evidence for the social segregation described in the literature, and will 

be discussed with more detail in the Appendix. 

Class rooms in the sample have a mean of approximately 25 students per class, and a standard 

deviation of 8. As explained by Boucher et al. (2014), the variation in class sizes would be 

useful at the moment of estimating the parameters. Average school size in the data is of 104 

students10. Only 23% of the sample falls into the category of indigenous, which is not 

surprising given their minority status. 

5. Empirical Results 

Table III reports the results of the conditional maximum likelihood model for math, reading 

and history scores. The estimation was done following equation (3). The conditional 

maximum likelihood recovers the structural parameters. The contextual peer effects 

coefficients are measured with respect to the percentage of peers characteristics. In other 

words, the coefficients capture the effect of a 100% change in the variable, (going from no 

peers sharing the specific characteristic to all peers sharing them). For this reason, it is not 

surprising to find effects with larger coefficients than the individual effects as the change is 

large. Results in columns 1, 4, and 7 include only endogenous peer effects and contextual 

and individual effects in terms of ethnicity. Columns 2, 5, and 8 add more controls at an 

individual level and more contextual peer effects. Finally, columns 3, 6, and 9 include 

heterogeneous effects by including the interaction between individual ethnicity and class 

composition in terms of ethnicity.  

                                                            
9 The harassment index was created using seven items included in the questionnaire. Those items include 
verbal and physical harassment, both performed by teachers and classmates. 
10 When looking at the whole data set, it is possible to notice that students with an indigenous background 
tend to attend to significantly smaller schools and classes, with an average size of 65 and 21 students, 
respectively. When reducing our sample to only mixed classes, the difference becomes 0 by construction. 
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Table III: CML estimation on Scores 
 Math scores Reading scores History scores 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

          
Endogenous peer effect 
(peer avg. score in class) 

7.942*** -1.960*** -1.997*** 6.455*** -1.999*** -1.998*** 5.977*** -1.997*** -1.999*** 
(0.056) (0.000) (0.000) (0.018) (0.000) (0.000) (0.070) (0.000) (0.000) 

Contextual peer effects  
Indigenous 
(% in class) 

96.275*** -49.246*** -105.171*** 53.596*** -54.324*** -62.820*** 55.641*** -52.210*** -92.515*** 
(13.979) (11.941) (6.991) (6.255) (10.356) (7.841) (0.891) (13.837) (15.341) 

Male  38.377*** 23.684***  -32.276*** -53.297***  -49.331*** -30.305*** 
(% in class)  (10.190) (7.857)  (5.44) (8.021)  (14.123) (7.549) 
Socioeconomic Status: High  
(% in class) 

 -121.575*** -201.973***  -152.945*** -238.804***  129.425*** 34.613*** 
 (21.764) (20.297)  (14.176) (19.282)  (15.029) (10.221) 

Socioeconomic Status: Medium 
(% in class) 

 -19.948 -30.14**  2.86 -99.936***  95.254*** 69.69*** 
 (15.638) (15.201)  (10.537) (10.162)  (14.518) (13.309) 

At least one parent finished 
secondary school 
(% in class) 

 77.508*** 57.693***  89.446*** 132.11***  60.414*** 28.801*** 

 (12.034) (12.933)  (9.986) (7.845)  (15.577) (9.883) 

Individual effects  
Indigenous  -24.871*** -19.115*** -26.463*** -26.596*** -20.068*** -25.597*** -32.862*** -24.462*** -33.205*** 
(yes=1) (0.993) (0.714) (0.543) (1.318) (0.584) (0.492) (7.771) (0.789) (0.929) 
Male   14.561*** 13.597***  -2.934*** -4.126***  1.32 2.100*** 
(yes=1)  (0.520) (0.395)  (0.350) (0.450)  (0.838) (0.334) 
Socioeconomic Status 
(High=1) 

 3.463*** -0.11  4.77*** 0.579  14.105*** 9.823*** 
 (0.973) (0.887)  (0.669) (0.834)  (0.818) (0.557) 

Socioeconomic Status 
(Medium=1) 

 4.308*** 3.913***  6.096*** 1.061**  10.044*** 8.650*** 
 (0.753) (0.747)  (0.481) (0.500)  (0.759) (0.734) 

At least one parent finished 
secondary school (yes=1)  

 9.403*** 8.466***  11.497*** 13.672***  11.149*** 9.146*** 
 (0.665) (0.716)  (0.585) (0.415)  (0.905) (0.609) 

Heterogeneous effect 
Indigenous individual effects * 
Indigenous contextual peer 
effects 

  14.253***   17.043***   13.609*** 

  (1.057)   (0.900)   (1.998) 

Note:  .01 - ***; .05 - **; .1 - *; Standard errors in brackets. All coefficients have been rounded up to a maximum of three decimals. 
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For the first group of results (columns 1, 4, and 7), we see that being indigenous has a 

significant negative effect on the results of the three scores, but having indigenous peers has 

a positive and significant effect. At the same time, endogenous peer effects are significant 

and positive, which is consistent with most of the literature. As stated in Section 2, most of 

the literature usually fails to account for the reflection problem. This first model is only 

partially addressing the reflection problem, since it is only disentangling the endogenous peer 

effects from the contextual peer effects of class composition in terms of ethnicity. If there is 

more than one contextual fixed effect correlated with the endogenous peer effects, then the 

reflection problem would still be playing a part, and our endogenous parameter would be 

incorporating other effects. The next two models control for more variables to solve any 

other potential correlation. 

The second group of results (columns 2, 5, and 8) include more controls in terms of 

individual effects and contextual peer effects. All individual effects are consistent with what 

we would expect: Students coming from a richer, more educated family achieve better; and 

male children do better in maths but worse in reading tests. However, both the endogenous 

peer effect and the contextual peer effects of having indigenous students in class become 

significantly negative for all three models. This change of sign is due to correlations between 

these variables and the newly added contextual variables. The existence of this correlation is 

what we call the reflection problem, and the change of sign after solving for it confirms the 

importance of properly disentangling the effects.  

Sharing a class with students with a high socioeconomic status has a significantly negative 

effect on results for maths and reading, but significantly positive effects on history scores. It 

would be a mistake to interpret these results as if classes with children from a higher 

socioeconomic status perform worse in maths and reading exams, since the model solves for 

self-selection and controls for correlated effects. The within class estimation controls for all 

effects related to school characteristics and teacher’s quality, but it does not control for 

particular behaviours and unequal teacher-student interactions. Consistent with the results 

found in Cueto et al (2016) for Peru, individuals sharing class with children of better educated 

parents perform better in maths and reading scores. They also perform better in history. 

The third group of results (columns 3, 6, and 9) adds an interaction between individual effects 

of ethnicity and contextual peer effects of ethnicity, allowing us to disentangle the differences 

in contextual effects for indigenous students. This is an addition to Lee’s original model, 

which did not account for any heterogeneity. Results show that having more indigenous 
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students in class has a positive effect on other indigenous students, for all three scores, which 

is consistent with the racial stereotypes literature: Having more indigenous peers in class 

diminishes the effects of stress and segregation. Adding this variable keeps the endogenous 

peer effects almost intact. Contextual peer effects of ethnic diversity and correlated variables 

are adjusted after including the heterogeneous effects, but no other major changes are found. 

6. Interpreting the results 

6.1 Discussion and possible mechanisms 

Even when not controlling for other characteristics, the first set of results of the CML model 

is useful to corroborate the existence of at least two opposing channels through which ethnic 

diversity in class affects individual scores. As shown, sharing class with better achieving 

student’s increases the educational outcome. The effects shown are very large, with each 

additional point in the average score accounting for a full 7 extra points in individual scores. 

Indigenous students usually perform worse than their peers, so having a larger proportion of 

them as peers is indirectly correlated with lower endogenous peer effects. On the other hand, 

having more indigenous students in class also improves scores for everybody via the 

contextual peer effects channel, although these effects are relatively small compared to the 

endogenous peer effects. This channel may be related to an increment on indigenous 

students’ performance due to a reduction in racial stereotypes. These results are still partially 

biased, and do not account for the existence of other channels through which interaction in 

class may affect individual performance. The existence of other channels (the reflection 

problem) becomes clear in the next two models. 

The second and third model include more contextual peer effects, turning the two peer 

effects found in the first model negative for all output scores. The reason behind these 

changes in sign is a strong correlation between the recently added contextual peer effects and 

both scores and ethnicity. It is not surprising to find that contextual peer effects of 

socioeconomic status and parent’s education level are correlated with the ability and ethnicity 

of the peers: The more indigenous people in the class, the less the average level of parent’s 

education in the class, and the smaller the proportion of students with a high or medium 

socioeconomic status. It is also a consequence of solving the reflection problem.  

By looking at the results, it appears that the main reason why indigenous peers had a positive 

effect on math and reading scores is because of their low socioeconomic status. One reason 
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why high socioeconomic status could have negative effects might be because of segregation 

or stigmatization of poorer students: The greater the proportion of rich students in class, the 

more stigmatized poor students are. However, positive effects of high socioeconomic status 

peers on history scores suggest that these effects might be driven by a different channel. The 

channel proposed has to do with dynamics between students and teachers: Even when 

controlling for teacher ability, richer parents might still lobby or influence them to pay special 

attention to their own children, marginalizing other students. Teacher’s attention is then 

divided heterogeneously across students in class according to their socioeconomic status. 

This effect would be more prevalent in classes with a lower proportion of poor students, 

since a smaller part of the attention would be assigned to them. The reason why the positive 

history scores support this explanation is because it probably require less division of 

attention, making this effects disappear. Also, the history test is new to the 2016 ECE, and 

dynamics involving teachers and parents might take longer to form in order to have an impact 

on scores. 

The positive heterogeneous effects of ethnic diversity show that the racial stereotypes and 

segregation channel is still explaining part of the indigenous students’ scores. These effects 

are relatively small when compared to the total contextual peer effects of the proportion of 

indigenous students. Thus, solving the stigmatization problem through an increase in the 

proportion of indigenous students will not compensate for other negative effects related to 

this proportion. Still, it might be worth looking for other policies to eradicate stigmatization. 

More evidence on the presence of ethnic segregation and the determinants of harassment in 

classes is shown in Appendix 2. 

One of the most surprising results are the negative endogenous peer effects. Apparently, all 

the positive endogenous peer effects where deeply associated with other contextual variables, 

like the level of education achieved by parents. This variable might be a good proxy of ability, 

which explains its positive contextual peer effects, and suggests positive spill-overs of ability. 

If these spill-overs are being captured by the contextual peer effects, then the endogenous 

peer effects might be capturing some other dynamics within the class, like heterogeneous 

interactions between teachers and some students. It might be the case that teachers focus 

only on their best or average students, hence creating larger differences between them and 

their lower performing peers. Therefore, the negative endogenous peer effects found could 

be a result of a behaviour that favours good performing students and neglects the rest.  
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Another similar interpretation is that classes are not the true reference groups. As found by 

Carrell et al (2013), subgroups are usually formed within classes. These subgroups usually 

respond to characteristics of their members, where good performing individuals tend to form 

groups with similar peers. This is also consistent with microeconomic theory about group 

formation. Ignoring the real reference group is an important limitation of this study. 

6.2 Optimal class composition 

As discussed, there are many reasons why giving an interpretation of all the variables involved 

in the contextual peer effects to try to arrive to the optimal class composition is a difficult 

task. However, we can still find an approximation of the optimal class composition in terms 

of ethnicity by making some assumptions and generalizations. 

Figure I presents graphs showing endogenous, contextual and total peer effects on individual 

scores of indigenous students for maths, reading and history tests. The graphs show how the 

endogenous peer effects and all the contextual peer effects interact according to the 

proportion of indigenous students. The effects reported in the graphs follow the coefficients 

found in the third model, including contextual peer effects and heterogeneous effects. The 

horizontal axis shows class composition as the proportion of indigenous students in class, 

divided in bins of 0.02. The vertical axis shows the change in score for every effect11. Ethnic 

contextual peer effect curves are linear, since its effects depend linearly of the proportion of 

indigenous students. Since the aim of the graphs is to show the optimal level of class 

composition that would help indigenous students, the heterogeneous effects (the interaction 

term) was added as part of the ethnic contextual peer effect. Its addition does not change the 

sign of the effect, but does reduce its impact. Endogenous peer effects were calculated using 

the average of the class mean score for each bin of class composition. These effects are linear 

in terms of mean scores, but not in terms of class composition. The tendency of the effect 

is clearly positive, which reflects both the negative correlation between proportion of 

indigenous students and mean scores, and the negative effect of endogenous peer effects on 

individual scores. The red curve represents the total peer effects. This variable was 

constructed as a sum of the other two curves and all other contextual peer effects included 

                                                            
11 The effect is measured as a change with respect to the mean of the variable. For example, the endogenous peer effects 

are measured as a change with respect to the average score, while the contextual peer effects of having indigenous in the 
class is measured as the change with respect to the average proportion of indigenous students in class. 
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in the analysis. The other contextual peer effects were found using the average mean 

characteristics of all students for each bin of class composition in terms of ethnicity. 

Therefore, the total peer effects also incorporate the negative relation between proportion 

of rich students (as measured by high socioeconomic status) and the proportion of parents 

that have finished secondary education, and the proportion of indigenous students in class. 

The average number of male students does not have any strong correlation with the 

proportion of indigenous students in class.  

It is possible to give an approximate optimal level of ethnic diversity in class by looking at 

where the total peer effects (red line) reach their maximum in the graph. For maths, the 

optimal proportion of indigenous students is around 60%. The optimal class composition 

for maximizing reading and history is around 88% and 66%, respectively. We should treat 

this only as the optimal level of ethnic diversity to maximize indigenous students’ 

achievement, since the heterogeneous peer effects are incorporated12. 

                                                            
12 The optimal proportion of indigenous students in ethnic diverse classes for non-indigenous students will 
be the same without including the heterogeneous effects. Since these effects are small, we know the optimal 
level would be close, but bellow the one for indigenous students.  

Figure I 

  

 
Note: Graphs show the effects of the third model. 
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Two big assumption were made for this analysis. First, that the linear-in-means model is 

enough to evaluate each student’s resulting score. This might not be the case, since many 

studies find non-linear effects and heterogeneities when evaluating peer effects (Lavy et al., 

2012, Carrell et al., 2013). This means that, given the linear form of the model, it is susceptible 

to bias on the tails in the presence of non-linearities. The second assumption is that average 

observable characteristics of the class are fixed for each proportion of indigenous student in 

class. In other words, the average characteristics of the class (i.e. proportion of rich students 

in class) are directly associated to the proportion of indigenous students in class, and a change 

in proportion would imply a change in characteristics exactly as in the current data13. 

Therefore, we need to be careful in interpreting these results.  

Given the limitations of the linear model, it is safer to treat the results as a linear 

approximation of a non-linear model, and constraint the analysis to values in the 

neighbourhood of the mean. The average proportion of indigenous students per class is 22%. 

It is clear that larger positive effects of ethnic diversity are found to the right of this mean. 

Therefore, even without finding the optimal level of ethnic diversity, it is clear that the mean 

is at a suboptimal point, and that an increase in the proportion of indigenous students per 

class would be desirable to improve their performance.  

7. Conclusion, limitations, and policy implications 

This study analyses the social interactions occurring in school classes shared by more than 

one ethnic group. The analysis was based on a linear-in-means model with fixed effects, first 

developed by Lee (2007). To the best of my knowledge, this study is the first to use Lee’s 

model in the context of a developing country. It is also the first study that links the peer 

effects and ethnic stereotypes literatures in the context of the indigenous population of Peru. 

Additionally, it contributes to the model by adding interaction terms that allow for 

heterogeneities in the contextual peer effects. 

The study successfully disentangles endogenous and contextual peer effects. The results 

shown prove that more than one channel exist, but also suggest that the channels are multiple 

and depend on other important characteristics like socioeconomic status. The reason behind 

                                                            
13 Adding indigenous students to a class will change all of the other observed average characteristics of the class. 
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this dependence might be the strong correlation between ethnicity, ability and these other 

characteristics.  

One of the main limitations of this study is its inability to specify the causal mechanisms 

through which class composition affects individual results. However, the results do suggest 

possible mechanisms, like ability spill-overs, stigmatization, and heterogeneous dynamics 

within classes. The latter represents another important limitation of the study: If there are 

unequal interactions between students, the assumptions required for treating classes as 

reference groups would be violated which in turn would lead to the misinterpretation of the 

results. This is very likely to happen (and particularly worrying) in the presence of racial 

segregation. A way to solve this problem is to avoid choosing groups a priori, which requires 

the use of data that contains information about networks. On the other hand, it is possible 

that teachers are dividing their attention unequally across students, which would represent 

another case of heterogeneous interactions within class. If this is the case, incentives to focus 

the attention on disadvantaged students would be a good policy to reduce the gap in 

educational attainment. Another limitation of the model is that it does not account for 

heterogeneities in the endogenous peer effects. Since we are discussing racial stereotyping, it 

is possible that indigenous students will be more influenced by the results of their indigenous 

peers than by the results of others. Introducing heterogeneities to the endogenous peer 

effects remains an avenue for future research. 

Part of the study was about the possibility of finding an optimal level of class composition 

that would improve indigenous students’ scores. The study shows that class composition is 

a multi-faceted problem, and that differentiating between all peer effects is important to be 

able to reach the right class-composition policy. While it may not be possible to find an exact 

optimal class composition level, this study has shown that the level of ethnic diversity in the 

average Peruvian school is suboptimal if we want to improve indigenous students’ 

attainment. It should be clear then that these students would benefit from a smaller 

proportion of non-indigenous peers.  
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9. Appendices 

9.1. Simulating the CML estimator 

The pseudo conditional maximum likelihood (CML) used for the estimations was coded 

using the computing software Matlab. The program maximizes the specified log-likelihood 

function for any given data. To test the performance of the estimator, data was simulated 

following equation (2), for randomly generated independent variables. Simulations were 

conducted for models with three independent variables. The main model added a fourth 

variable created as the interactions between one variable and its group mean. The simulation 

was replicated for different random coefficients. From now on, we will only refer to the full 

model of three different independent variables. 

First, 500 classes were created. The size of each class was randomly generated following a 

normal distribution with a mean of 25 and a standard deviation of 7, in an attempt to replicate 

the real distribution of class sizes in the original data. Given the class sizes, the total number 

of observations in the simulated data is around 7000 students. The three variables (𝑥1, 𝑥2 

and 𝑥3) were generated following a uniform distribution, taking values of 0 and 1, and then 

randomly assigned to a class. A fourth variable was created as the interaction between 𝑥3 and 

its group mean (remember: groups do not include individual 𝑖). Then, the differences 

between each variable and its class mean were created for each individual. Finally, the 

dependent variable 𝑦2 was generated following equation (2), with a normal distributed error 

term with a mean of 0 and a standard deviation of 1. From the whole data, 2% of the variables 

were omitted to test how the model corrects for missing data.  

The model was tested for different parameters, each of them randomly generated. Figure A1 

shows the results for a CML estimator with three different independent variables, where 𝛽 

indicates the endogenous effect, 𝛾1, 𝛾2, and 𝛾3 are the individual effects for each of the three 

independent variables, and 𝛿1, 𝛿2, and 𝛿3 the contextual effects, for the same variables. 𝛾4 is 

the effect of the interaction term, which is considered an individual effect.  As we can see in 

the figure, the likelihood function is well behaved and achieves its maximum close to the real 

parameters. 
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Figure A1: Shape of simulated Likelihood function 

    

    

 
Note: Red line indicates the true parameters for the simulated data. This graphs show 

the effects for class size distributed as 𝑁{25,7}. 

 

9.2 Ethnic segregation and determinants of harassment 

One of the main argument of this paper is that one of the channels through which class 

composition affects indigenous students is through racial stereotypes and social segregation. 

Given that the data does not contain any way of measuring stigmatization, harassment was 

used as a proxy: It is clear that harassment and stigmatization are not equal, but we could 

expect a correlation between the two. Harassment is measured as a dummy variable, taking 

the value of 1 if the student reports had being a victim of either verbal or physical harassment 

by teachers or other students many times during the last year. Table IV presents 4 different 

regressions showing the relationship between harassment, ethnicity, socioeconomic status, 

gender, and class composition. Additionally, an interaction between class composition and 

the student’s ethnic background designed to account for heterogeneous effects of class 

composition was added. The relationships are displayed using a simple OLS model. 

Column 1, shows how having an ethnic background has a significant positive effect on the 

probability of being victim of harassment. In the second column, controls are added. Results 

show that being richer does significantly reduce the probability of harassment. However, 

ethnicity has a stronger correlation to harassment. The effect of having more indigenous 

students in class is positive and significant, but for indigenous students this effect almost 

counters the negative effect: Being in a class with students that share the same ethnic 
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background may be a good way to avoid harassment. Column 4 shows the same results, 

controlling for fixed effects at the school level. The effects of ethnicity and class composition 

become larger. 

Table IV: Determinants of harassment 
 1 2 3 

Indigenous 0.082*** 0.081*** 0.100*** 
 (0.003) (0.005) (0.005) 

Socioeconomic Status (High)  -0.013*** -0.013***  
 (0.004) (0.004) 

Socioeconomic Status (Medium)  -0.008*** 0.002 
  (0.003) (0.003) 

Male  -0.007*** -0.023*** 
  (0.002) (0.002) 

Class composition (indigenous)  0.069*** 0.148*** 
  (0.008) (0.020) 

Indigenous*Class composition 
(indigenous) 

 -0.061*** -0.115*** 

  (0.011) (0.013) 

Constant 0.239*** 0.239*** 0.223*** 
 (0.001) (0.003) (0.005) 

School Fixed Effects No No Yes 
Number of observations 141,578 141,578 141,578 
R2 0.006 0.007 0.086 

Note:  .01 - ***; .05 - **; .1 - *;    
 


