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Abstract

We investigate the presence of peer eects in student achievement (test score by subject) and in the
probability of repeating an academic grade (e.g. students who were not promoted to the next grade) for
the public schools in the city of Medellin, Colombia. We use administrative data of students enrolled
in public schools (complete census by school-grade-classroom) for 2006 and 2007 and students who took
the college-entry test (ICFES) in 2007. We estimate two educational structural models inspired by the
previous literature on linear-in-means models and binary choice models with peer eects. For the rst
model, we follow the method suggested by Lee (Journal of Econometrics, 2007; 140(2), 333-374), while for
our second model we follow the approach proposed by Brock and Durlauf (Review of Economic Studies,
2001; 68, 235-260) and Li and Lee (Journal of Applied Econometrics, 2009; 24, 257-281).
A novel feature of the data used in this paper is that we have detailed information on the distribution
of the students by classroom-by-grade-by-school; we have small groups (around 30) and large-group
dispersion, features that are determinant to reduce the bias and increase the precision of the estimates.
In general, we nd that peer eects are important and have a signicant impact on student outcomes.
Particularly, for our rst model, we nd evidence of positive and signicant peer eect in student test
scores for Mathematics, Social Sciences, Physics, and English, while negative and signicant peer eect
for Chemistry. For our second model, the binary-choice model with peer eect, we nd evidence of
positive and signicant peer eect, suggesting that in their decision to make a high or low eort that
leads students to pass or fail their academic year, peer eects matter.
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1 Introduction
Not surprisingly, peer eects in education have received a lot of attention from researchers during the last
fteen years. Moreover, recent studies have recognized the importance of the peer eects in the educational
production function as an important input in generating outcomes that go beyond test scores and average
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student achievement.

Two main problems in the identication of peer eects have received a great deal

of attention pointed out and discussed by Manski (1993) and Mott (2001): the reection problem, how
to distinguish between the endogenous interaction eect (contemporaneous) and the exogenous interaction
eect (exogenous background unaected by current behavior); and the correlated eect problem, a possible
correlation between unobservables at group level and the exogenous characteristics of individuals.
In the last 15 years, researchers have provided credible evidence in demonstrating the existence and
measurement of the size of peer eects. Although there are some eorts trying to understand the channel
through which educational peer eects operate, the literature is still scant (Figlio, 2007 and Lavy and
Schlosser, 2011 and Carrel and Hoekstra, 2010). A major focus of the literature has been on measuring and
identifying peer eects using test scores for students in elementary and secondary schools.
In general, estimates encompass a wide range and, in some cases, little evidence has been found of
signicant peer eects (e.g. Burke and Sass, 2013 and Angrist and Lang, 2004). However, these results, in
many cases, are driven by the strategy used to handle reection and the correlated problem, which we can
classify into three groups: studies that use data in which students are randomly assigned to their groups;
studies that use credible exogenous sources of variation in peer characteristics; and studies that use school
and student xed eect to control for the self-selection problem.
In this paper, we take advantage of the new developments in econometric techniques to identify and
measure peer eects as well as administrative data of students enrolled in public schools (complete census
by school-grade-classroom) and students who took the college-entry test (ICFES), in the city of Medellin,
Colombia, for 2006 and 2007. We investigate the presence of peer eects in student achievement (test score
by subject) and in the probability of repeating an academic grade (e.g. students who were not promoted to
the next grade).
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In order to achieve this, we estimate two educational structural models inspired by the

previous literature on linear-in-means models and binary choice models with peer eects, respectively.
To estimate our rst model, the linear-in-means model with a continuous dependent variable, we use the
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econometric procedure suggested by Lee (2007).

A novel feature of this model is that it allows the existence

of correlated unobservables as a xed eect in a group. Given this, the model can address two important
problems in peer eect models and educational literature: First, by including group (classroom) xed eects,
the model controls for common environmental factors that aect student performance, such as the quality
of the teachers, physical infrastructure, etc. Second, the model addresses the problem of endogenous peer
formation, if school choice depends on factors specic to a school (Boucher et al., 2014).

Moreover, Lee

(2007) shows that both the endogenous and exogenous social eects can be identied if there is sucient
variation in group sizes.
For the second model, the binary choice model with peer eects, we follow the strategy suggested by Brock
and Durlauf (2001) and Li and Lee (2009). Brock and Durlauf (2007) provide a set of results under which
econometric identiability of binary choice models with social interactions is possible.

Li and Lee (2009)

extend the Brock and Durlauf (2001) model to allow for the inclusion of a univariate variable representing
unobserved common factors and showed that identication of this eect is possible under the Brock and
Durlauf (2001) rational expectation framework.
In general, we nd that peer eects are important and have a signicant impact on student outcomes.
Particularly, for our rst model, we nd evidence of positive and signicant peer eect in student test

1 Sacerdote

(2011) provides an extensive review of the empirical evidence on peer eects in elementary, secondary and
post-secondary education.
2 A novel feature of the data is that it provides which student is new in the school, comes from a private or public school,
and, most importantly, which student is repeating the academic grade. Since we have the census of students enrolled in public
schools for 2006 and 2007 we are able to track its classroom for the year before, e.g. his/her reference group.reference group.
3 Lee (2007) pointed out that there is subtle dierence between the linear-in-mean mode suggested by Manski (1993) and his
model (spatial autoregressive model (SAR) with group interaction and xed eects): In the SAR model, identication can be
based on the mean regression function and on the correlated distribution of the disturbances, while in Manski's model there is
no correlation generated by the social interaction term; thus its identication of the social eect is through the mean regression
function only.
2

scores for Mathematics (0.428), Social Sciences (0.749), English (1.385) and Physics (0.759) and negative
and signicant for Chemistry (-0.505), when we include the same variables as contextual and individual
exogenous eect. These results are, in general, robust to dierent specications and potential issues related
to the sample used. We compute calibrated Monte Carlo simulations, which conrm that the CML estimator
has small bias and standard error.
For our second model, the binary choice model with peer eect, we nd evidence of positive and signicant
peer eect when we include school xed eects in our specication. This is a novel result, which suggests
that in their decision to put high or low eort that leads students to pass or fail their academic year, peer
eects matter.
The rest of the paper is organized as follows. Section II discusses previous research. Section III introduces
the linear-in-means model, describes the data used, presents the estimation method and the results for this
model as well as some robustness checks. Section 4 discusses the binary choice model with social interactions,
its estimation method, our data for this model and the results for this model as well as some robustness
checks. Section V is the conclusion.

2 Previous Research
The identication of the endogenous interaction eect from the other eects is the main interest in
social interaction models. Particularly, Manski (1993) pointed out some diculties in the identication of
endogenous social eects referred to in the literature as the reection problem.
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In his model, Manski

(1993) distinguished between two types of social interactions: endogenous (peer eects) and exogenous
(contextual). The endogenous eect refers to the contemporaneous and reciprocal inuences of peers. The
contextual eect includes peers' average background characteristics unaected by current behavior. Due to
the possible correlation between the social interaction eect and the exogenous variables of a group in the
model, it is not always possible to distinguish between behavioral and contextual factors.
Another problem that arises in the context of a linear-in-means model, named the correlated eect,
refers to the possible correlation between unobservables at the group level (a component of the error term that
varies for each group) and the exogenous characteristics of individuals. Mott (2001) suggests two sources
from which these unobservables could arise; suppose the case of unobserved preferences is correlated within
a group or common environmental inuences that aect individuals within a group. Consistent estimation
of the peer eect parameter requires being able to distinguish between correlation in outcomes that arise
from correlated unobservables and those from social interactions.
Recent studies have distinguished between two mains strategies that have been used in order to handle
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the reection problem. . In most cases, compound parameters are estimated using a reduced form of the
linear-in-means model, in which case endogenous and exogenous eects cannot be identied separately.
Another alternative is to assume one interaction only, endogenous or exogenous, and obtain identication
using that restriction (Sacerdote, 2001 and Ammermueller and Pishke, 2009). A second strategy refers to
the use of instruments (credibly exogenous sources of variation in peer characteristics) as a proxy to estimate
consistently the peer eects (e.g. Evans et al., 1992, Gaviria and Raphael, 2001 and Ioannides and Zabel,
2008).
The use of data with randomly assigned students within their group has been used to handle the problem
of the correlated eect. Sacerdote (2001) exploits the fact that roommates and dorm-mates in Dartmouth
College are assigned randomly, excluding the possibility of endogenous group formation, and nd that peer
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eects are signicant for the grade point average and in the decision to join social groups .
Randomized experiments are also another option to overcome the correlated eect problem. Whitmore
(2005) uses a randomized experiment to identify the impact on student achievement of randomly induced
changes in resource levels and the gender makeup of one's class. Whitmore nds that randomly generated
dierences in the share of a class that is female and a decrease in the size of the class both have positive
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impacts on student achievement .

4 These identication problems arise in the context of the
5 Sacerdote (2011) and Boucher et al. (2014).
6 See also Zimmerman (2003) and Carrell et al. (2009).
7 See also Duo, Dupas and Kremer (2011).

linear-in-means model.
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Another strategy that has been used to address the correlated eect problem is the inclusion of xed eects
dened at a level higher than the peer group (e.g. school xed eect). Ammermueller and Pischke (2009)
estimated peer eects at the primary school-classroom level for six European countries.

Its identication

relies on two assumptions: First, the authors assume that the mean of the characteristics common to a
classroom level can be approximated by the mean of the characteristics at the school level. Second, given
that they include xed eects at the school level (e.g. using the within transformation), sucient variance
in peer composition of a classroom within a school has to be assumed.
A third strategy uses changes in the composition of the groups arising from exogenous sources of variation
in peer characteristics, allowing for the identication of compound social eects (Boucher et al. 2014). Hoxby
(2000) uses a within-school variation to identify peer eects.

Particularly, she identies peer eects from

changes in gender and racial composition of a grade in a school in adjacent years. An important assumption
in her identication strategy is that these changes, in the composition of the grades, are idiosyncratic.
Similarly, Hanushek et al. (2003), in addition to family and school characteristics, control for student and
school-by-grade xed eects. Instead of tracking dierent cohorts, Hanushek et al. (2003) track the same
cohort over time (which is why they allowed the inclusion of student xed eects), considering only changes
in the peer group that take place as a result of changes in a student's classroom assignment over time
(Ammermueller and Pischke, 2009).
Lee (2007) proposed a SAR model as a social interaction model with both endogenous group interaction
and contextual factors and allows the existence of correlated unobservables as a xed eect in a group.
Lee (2007) shows that both the endogenous and exogenous interaction eects can be identied if there are
sucient variations in group sizes. In this paper we estimate our linear-in-means model of education and
peer eects (Model 1) following the econometric procedure proposed by Lee (2007).
The previous literature refers to the context of linear models with continuous outcome. Brock and Durlauf
(2001) developed a binary choice model with social interaction following the network model of Manski (1993)
in which an individual interacts with all the other members in the same group allowing for the inclusion of
endogenous and exogenous social eects, in a non-cooperative environment. The model takes advantage of
the rational expectation assumption to prove the existence of multiple (or single, depending on the value of
the parameters) locally stable equilibrium levels of average behavior. An implication of this conclusion is
that individuals are equally aected by other members of the reference group. Moreover, individuals form
homogenous expectations regarding behaviors of all the other members in the same group (Lee, Li and Lin,
2014).
In contrast to the linear models, the nonlinear feature of the binary model makes the identication of
contextual and endogenous peer eect possible.

Brock and Durlauf (2007) provide a set of results under

which econometric identiability of binary choice models with social interactions is possible.

Li and Lee

(2009) extend the Brock and Durlauf (2001) model to allow for inclusion of a univariate variable representing unobserved common factors of the group in order to address for correlated eects.

Moreover, Li and

Lee (2009) show that identication of this eect is possible under the Brock and Durlauf (2001) rational
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expectation model . We follow the strategy suggested Lee and Li (2009) to estimate our binary model with
endogenous and contextual eects (Model 2).

3 Linear Model
3.1

Theoretical Motivation

In this section, we introduce a theoretical framework for the linear network models. The model is a standard
version of the most popular peer eects models on networks, which have been convenient modeling how
individual behavior is aected by their peers, particularly in the context of education, crime, among others.
Based on the results of Liu et al. (2014), we estimate a local average model, in which there is a cost for

8 There at least two types of very interesting extensions to the Brock and Durlauf (2001) model: The rst are the models
proposed by Krauth (2006) and Kooreman and Soetevent (2007) in which it is assumed that individuals take into account peers
characteristics to form rational expectations of their behavior. The second is the model proposed by Lee et al. (2014) in which
a rational expectation assumption is replaced by a model in which individuals will form expectations regarding peer behaviors
taking into account their characteristics, leading to the possibility of a heterogeneous expectation within a group.
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deviating from the social norm (average eort of her/his peer). That is, individuals (students) want to be
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as close as possible to the social norm of her reference group.

N = {1, ..., n} of individuals (students), which are partitioned by r = 1, ..., R groups of
Wr = {1, ..., mr } denotes the set of agents in group r of size mr . We assumed that all students
in group r interact with all others of her mr peers. That is, we assumed that students within a group may
interact with each other but are usually not interrelated with members in other groups. For individual i in
group Wr , let wi,r be the i − th row of Wr . The value wij,r represents the weight put on individual j by
individual i, in group r . As a convention, we assume that student i who belongs to group r is excluded from
his own reference group, i.e., wii = 0. Given our assumption on the reference group, wij,r = 1/mr −1.
Denote by ei,r the eort of student i in group r . We assume that each student in group r selects the
eort ei,r ≥ 0 simultaneously that maximize the following utility function,
Consider a set

peers, where


2
nr
X
λ
1 2
ei,r −
wij,r eij,r 
ui,r (ei,r , e−i,r ; wi,r ) = (πi,r + νr + i,r ) ei,r − ei,r −
2
2
j=1
where

πi,r

captures the observable characteristics of individual

10 , ν
r

(average characteristics of peer's characteristics)

i

(1)

and the contextual eects of her peers

captures the unobservable group characteristics (e.g.

i,r captures other type of uncertainty of the return of the eort. Thus, the
πi,r + ν + i,r , denotes the private
return to eort, which is increasing in her own


2 
Pnr
1
2
∗
∗
terms of the right side of (1),
, captures the cost
j=1 wij,r eij,r
2 ei,r + λ ei,r −

quality of the teachers), and
sum of this three terms,
eort

ei .

The last two

of the eort, which depends on the amount of her own eort,
norm



e∗i,r −

Pnr

j=1

∗
wij,r
eij,r

2

weighted by a parameter

The best response function of individual

i

1 2
2 ei,r , and the cost of deviating from the social

λ > 0.

is given by

nr
X

∗
e∗i,r = πi,r
+ νr∗ + φ

∗
wij,r
e∗ij,r + ∗i,r

(2)

j=1
where

∗
πi,r
≡ πi,r/(1+λ), vr∗ ≡ vr/(1+λ), ∗i,r ≡ i,r/1+λ

and

φ ≡ λ/(1+λ)

with

φ ∈ [0, 1].

Properties of this model

and more general models have been studied extensively by Liu, et al. (2014), Calvó-Armengol et al. (2009),
Patacchini and Zenou (2012) and Liu et al. (2014). Particularly for this model Liu et al. (2014) show that
if

φ ∈ [0, 1]

then the local-average network game has a unique Nash equilibrium.

Importantly, we assume that
the size of the group

mr


E ∗i,r |Xr , mr , vr = 0.

That is, conditional on unobserved group eect

νr

is strictly exogenous. This assumption does not exclude situations in which the

group size depends on unobserved group characteristics,

νr

(Bramoulle et al., 2009 and Boucher et al., 2014).

Moreover, Boucher et al. (2014) illustrate how this model can address two important problems in peer eect
models and educational literature: First, this model address the problem of endogenous peer formation, if
school choice depends on factors specic to a school. Second, by including group (classroom) xed eects,
the model controls for common environmental factors that aect student performance, such as the quality
of the teachers, physical infrastructure, etc.

3.2

Estimation Method

The empirical counterpart of (2) assumes that the optimal level of eort of individual

i, e∗i,r ,

given her

(observable) characteristics and the contextual eects as well as the eor of her peers for her reference group,

9 See Liu et al. (2014) for a discussion of the dierences between the local-average-model and the
10 To be more precise the ex-ante heterogeneity, π , of student i in group r can be written as,

local-aggregate model.

i,r

πi,r = x(1) i,r β +

mr
X

∗
wij,r
x(2) i,r δ

j=1

Pmr ∗ (2)
where
w
x i,r
i,r and
i,r are k1 and k2 −dimensional row vectors of exogeneous variables. The term
j=1 ij,r
captures the contextual eect which allows social interaction eects through observed group characteristics. Notice that x(1) 0i,r
and x(2) 0i,r may or may not have common elements.
x(1)

x(2)

5
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is strongly correlated with the academic performance.

yi,r

Let

be the test score obtained by student

i,

then the empirical counterpart of (2) is,

yi,r = x(1) i,r β +

mr
X

∗
wij,r
x(2) i,r δ + νr + φ

j=1

nr
X

∗
wij,r
yij,r + i,r

(3)

j=1

Equation (3) can be express in matrix notation as,

Yr = X(1) r β + Wr X(2)
r δ + νr + φWr Yr + r

1
0
where Wr =
mr −1 lmr lmr − Imr , lmr is the mr −dimensional column vector of ones, and Imr
tity matrix of dimension mr . We estimate (2) using conditional maximum likelihood (CML)

(4)
is the idenestimation,

developed by Lee (2007).
In order to eliminate the group xed eect we derived the within transformation of (4) with respect to
the observed group members, premultiplying equation (4) by

Jr = Imr −

1 0
mr lmr lmr ,

(2)
Jr Yr = Jr X(1)
r β + Jr Wr Xr δ + φJr Wr Yr + Jr r
Lee (2007) noticed that

where we denote by

i.i.d. N 0, σ 2



Jr Wr = − mr1−1 Jr

(5)

then (5) can be express as,

mr − 1 + φ ∗
1
Yr = X∗(1)
X∗(2) δ + ∗r
β−
r
mr − 1
mr − 1 r
A∗r = Jr Ar any matrix Ar comfortable with Jr . Under

(6)
the assumption that

ir 's

are

log likelihood function for equation (6) is,

lnL (φ, β, δ, σ) = c +

R
X

(mr − 1) ln (mr − 1 + φ) −

r=1


N −R
ln σ 2
2

(7)

0 

R 
1
mr − 1 + φ ∗
1
1 X mr − 1 + φ ∗
∗(1)
∗(2)
∗(1)
∗(2)
Yr − Xr β +
X δ
Yr − Xr β +
X δ
− 2
2σ r=1
mr − 1
mr − 1 r
mr − 1
mr − 1 r
φ which has computational and
0
0 0
β (φ) , δ (φ) and σ (φ) are

Lee (2007) shows that this log likelihood function can be concentrated at
analytical advantages. Given a value for



β (φ)
δ (φ)


=

R 
X
r=1
R 
X

φ

the CML estimates of

1
X∗(1)
β−
X∗(2) δ
r
mr − 1 r

X∗(1)
β
r

r=1

1
−
X∗(2) δ
mr − 1 r

0 

0

Yr∗

1
X∗(2) δ
X∗(1)
β−
r
mr − 1 r


mr − 1 + φ
mr − 1

!−1
(8)



and,

1
σ (φ) =
(N − R)
2


X∗(1)
β−
r

1
X∗(2) δ
mr − 1 r

r=1

2
R 
X
mr − 1 + φ
r=1

 X
R 

R 
X

11 Specically,

(

r=1

mr − 1

0
Yr∗ Yr∗

−

2
R 
X
mr − 1 + φ
r=1

1
X∗(1)
β−
X∗(2) δ
r
mr − 1 r

1
X∗(1)
β−
X∗(2) δ
r
mr − 1 r

0

Yr∗



0 

mr − 1

0

Yr∗ ·

1
X∗(1)
β−
X∗(2) δ
r
mr − 1 r

mr − 1 + φ
mr − 1

(9)

!−1

)

we assume that there exist a biyective function that maps the set of eorts of students to a set of test scores.
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The concentrated log likelihood at

lnL (φ) = c2 +

φ

R
X

is,

(mr − 1) ln (mr − 1 + φ) −

r=1


N −R
ln σ 2 (φ)
2

(10)

Under regularity conditions Lee (2007) shows that CML estimator is consistent and asymptotically efcient.
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Moreover, consistency requires that the number of groups in the sample is much larger than the

average size of the groups and small groups; otherwise identication can be weak for the CML estimator for
large groups (Lee, 2007).
Lee (2007) shows that identication of the structural interaction eect will bee possible only when there
is group variation. If
for all

φ,

mr = m

for all

r = 1, ..., R,

then the derivative with respect to

φ

of equation 10 is zero

which implies that the conditional likelihood function does not provide information on

φ0

(Lee,

2007).
Intuitively, the inclusion of contextual and endogenous peer eect leads to a reduction in the within group
variation of the outcomes. The interaction eect depend nonlinearly on the peer coecient and the group
size,

mr .

Thus allowing for dierent group sized we have dierence degrees of interaction, allowing inference

to be possible (Lee, 2007).

3.3

13

Data

Instituto
Colombiano para el Fomento de la Educación Superior, ICFES) and from records of public schools (Matricula
en Linea, MeL) from the Department of Education of the municipality of Medellin.
The data used for our empirical analysis are from the Colombian Institute for Higher Education (

Particularly, we use information of ICFES college-entry test records.

The ICFES college-entry test is

a mandatory requirement for college admission. Each year, approximately 430,000 students (92% of high
school graduates) take the ICFES test (Saavedra, 2009).
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There are two rounds of the ICFES test per

year since there are two high school-graduating cohorts (fall and spring). We use information on students
who took the test in Fall 2007, since most of the public schools nish their academic years in December.
These administrative data provide information on individual scores on multiple subject areas including:
Math, Chemistry, Physics, Biology, Social Science, Philosophy, and Spanish Language and electives including
foreign language (English, French or German) and abstract reasoning.
Our second source, MeL, provides us with detailed information on the students who were enrolled in public
schools in 2007, for secondary-high school (grades 6 to 11). We have information about their identication
document, names, age, and other socio-economic variables that allow us to merge ICFES test records with
the MeL data for the students who were in eleventh grade (this is the last grade of high school in Colombia) in
2007. This provides us with detailed information on the distribution of the students by classroom-by-grade(11th for all of the students)-by-school. Of the 20,245 students who were reported to have been enrolled in
any public school in the eleventh grade in 2007, we matched 18,322 (90.5%) of them with the ICFES data.
We drop the missing values as well as the extreme values for the test scores and the exogeneous variables
(demographic characteristics) used in the regressions (See Table 1), and construct a homogeneous sample
for all the regressions (for the eight subject areas of the ICFES test).
levels that last less than a

16
year.
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We excluded schools that oer grade

Finally, we excluded classrooms with less than 5 students per classroom.

We also use data from the SISBEN (Sistema de Identicación de Potenciales Beneciarios de Programas
Sociales, Identication System of Potential Beneciaries of Social Programs) survey (2005) of Valle de Aburrá

12 Boucher et al. (2014) noticed that even if the assumed density of Y ∗ is misspecied, the pseudo CML estimator is consistent
r
provided that the conditional mean of Yr is correctly specied.
13 Boucher et al. (2014) provides a nice intuitive interpretation of the identication.
14 Saavedra and Saavedra (2011) provide an extensive description of the ICFES data
15 We do this for two reasons: rst, we want to measure and compare the magnitude if the peer eects for Thus, we need to
have the same students in each regression. Second, if we nd any extreme value for a particular subject area of the test, for a
particular student, we may expect that other subject areas could also have problems. In order to avoid these issues, we keep a
homogeneous sample, for all of the eight subject areas of the test using in the regressions.
16 In 1993, Colombia decided to design a test that allows students to validate its secondary and high schools. At the same
time, special schools were created that oer intensive programs where each grade level lasts six months or less. These special
schools were designed for adults who had abandoned their schools, and who wanted to validate secondary and high school in a
short period of time.
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(the metropolitan area of the municipality of Medellin) in order to obtain demographic and socioeconomic
information from the family of the students. The SISBEN data comprise around 70 percent of the poorest
people in Colombia and are collected to identify and classify individuals and families according to their living
conditions with the aim of making them beneciaries of social programs. Given the nature of the data, we
might expect to have an attrition problem, which is why we only use this data for robustness checks.

3.3.1 Descriptive Statistics
There are many advantages in the use of our data: First, we use the census of students enrolled in public
schools in order to understand the distribution of students by classroom, grade and school.

One of the

advantages of using public school information is that the assignments of students to a particular groupgrade-school are decided by a subsection of the Department of Education of the municipality of Medellin,
making the formation of the groups almost exogenous. Second, although 9.5% of the students did not match
the ICFES data, Table 11 presents a

t-test

for the mean for the school-by-grade for the students who were

and were not matched. Only the age is signicant. We performed some robustness checks to analyze the
impact, if any, of attrition.

We can perform robustness checks since in both samples we know the grade

and school of the students, although the group (classroom) is only in MeL 2007 (In fact, ICFES test is a
mandatory requirement for college admission).
Third, the tests have the same national standard (and of course at the municipal level) and is recorded
by a government institution (ICFES), leaving less scope for measurement error. Fourth, these administrative
data provide information on individual scores in multiple subject areas including: Math, Chemistry, Physics,
Biology, Social Science, English, Philosophy and Spanish Language. This is by far more from what previous
studies have used. Fifth, sample sizes in our study are larger than in typical school-survey studies. Finally,
we are able to measure the persistence of the peer eect using the distribution of the students by schoolgrade-school in the previous year. This is something that has not been measured in the literature.
We excluded schools that oer grade levels that last less than a year

17 .

We also excluded schools with

less than 5 students per classroom. We end up with 15283 observations distributed in 550 classrooms.
Table I reports summary statistics of the variables we used in our empirical analysis. Notice that social
science and physics have the lowest average, followed by math and chemistry. Biology is the test with the
second-highest average and Spanish language has the highest one.

Only 3.3 percent of the students' live

outside of Medellin. In this sample, around 12 percent of the students live in socioeconomic stratum 1 (i.e.
the poorest stratum) while 52 percent of them live in stratum 2.

18

The average age in December 2007 was

17 years old, which is the expected age for a student in eleventh grade with no record of grade retention.
Around 4 percent of the students reported were born in a state dierent from Antioquia (whose capital is
Medellin) and around 16 percent of them in a city dierent from Medellin (Mun. Born). Around 55 percent
of the students are female and almost 55 percent of them were attending a school during the evenings.

19

17 In 1993, Colombia decided to design a test that allows students to validate its secondary and high schools. At the same
time, special schools were created that oer intensive programs where each grade level lasts six months or less. These special
schools were designed for adults who had abandoned their schools, and who wanted to validate secondary and high school in a
short period of time.
18 In most of the cities of Colombia, neighborhoods and blocks are classied according to their socio-economic level into six
strata, with Stratum 1 being extreme poor and Stratum 6, the highest level of auence.
19 Most of the public schools have two types of academic schedule: during the day and evenings.
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Table 1: Description of variables and their statistics

3.4

Empirical Results

Tables 2 and 3 report the results of maximum likelihood estimation (CML) for the eight subjects we analyzed
in this article. In general, the estimated peer eect lies between -.0.5 and 1.39; it is positive and signicant
for Mathematics (φ

= 0.428),

Social Sciences (φ=0.749), Physics (φ = 0.759) and English (φ=1.385) while

is negative and signicant for Chemistry (φ=-0.505).
In general, estimates of peer eects from previous studies encompass a large range. Hoxby (2000) nds
that an increase in one point in the peer average score increases the reading score by .3 to .5 and math scores
by 1.7 to 6.8.

These are larger eects than what we found for Language (almost zero) and Mathematics

and Physics (0.42 and 0.75, respectively). Hanushek et al. (2003) report an estimated peer eect of 0.17 for
math scores. Larry and Schlosser (2011) nd that an increase in one point in the peer average score increases
the Math and Science score by .5 to .91 (males and females) and Hebrew and English scores by .26 to .28.
Whitmore (2005) nds that an increase in peer percentile score raises the percentile score by 0.6. Finally,
Ammermueller and Pschke (2009) nd an average coecient of peer achievement of 0.17. In summary, our
estimate is at the upper end of that range but well below the highest estimates reported.
We nd that test scores are signicantly higher for males than females for Mathematics, Physics, English
and Language. This is consistent with the fact that, traditionally, males perform better than females in the
ICFES test (See gure 1). This result is also consistent with the previous literature that shows that males
perform better in math-orientated subjects than females (Hoxby 2000) and/or with the studies that show
that girls have little to no advantage compared to boys in math-orientated subjects (Boucher et al., 2014
Lavy and Schlosser, 2011). However, note that girls have no advantage compare to boys in subjects related
to language skills, which contrast with previous results (Boucher et al., 2014 Lavy and Schlosser, 2011).
Note also that all test scores decrease signicantly with age, except for Mathematics and Chemistry,
which are negative but not signicant. These results are consistent with the results found by Boucher et al.
(2014). The performance of students who live in a dierent city and those born in a dierent state or city,
has no signicant dierences from local students.
For contextual variables, we nd that an increase in the average age of the students has a negative and
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Table 2: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
signicant eect on all test scores except for Mathematics and Biology. Likewise, the proportion of female
students has a positive and signicant eect in Biology, Social Sciences and Chemistry and a negative and
signicant eect in Mathematics, Philosophy, English, and Language, suggesting that girls' peer eects may
operate through spillovers of their peers' higher achievement.
This result diers from previous studies that use a within-school, cohort-to-cohort variation in gender.
Particularly, Hoxby (2001) and Lavy and Schlosser (2011) found that although females perform better in
subjects related to language skills than males, the eect of the proportion of girls on student performances
is only visible in math and science, subjects where females have little to no advantage compared to males.
It is remarkable the eect that an increase in the proportion of students repeating a grade has; its eect
is large, negative and signicant for the entire test scores, except in Physics and Social Sciences, for which
the coecients are positive and signicant.

3.5

Robustness Checks.

Specication.

Here we present the results of the CML estimator using a similar specication, in terms

of the exogeneous individuals and contextual variables, as in Boucher et al.

(2014).

That is, we include

Municipality (1 if the student lives outside of Medellin), Stratum 1, Stratum 2, Age, Mun. Born (1 if was
born outside of Medellin) and Gender, both as individual and contextual eects.
In general, the results are very similar to the estimates presented in Tables 2 and 3. We nd positive
and signicant peer eects for Mathematics (φ

= 0.399),

Social Sciences (φ=0.611), Physics (φ = 0.729) and

English (φ=1.380) and negative and signicant for Chemistry (φ=-0.545).
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Table 3: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.

Monte Carlo Simulations.
of our estimates.

In this section, we study through simulations the precision and the bias

Lee (2007) shows that large group sizes, relative to the number of groups, may have a

negative impact on the rate of convergence in distribution of the CML estimators (weak identication). Note
that in our sample the average size of the classrooms is around 30 students and the number of classrooms is
550. Thus, the ratio between the number of groups and group size is around 18.3.
On the other hand, Boucher et al.

(2014) using calibrated Monte Carlo simulations, nd that high

dispersion in group sizes helps potential issues related to weak identication. Table 1 shows that the standard
deviation of group sizes is relatively large, which could help any potential identication issue.
In order to measure the bias and precision of our sample, we compute fully calibrated simulations using
the same observed group sizes of our sample, calibrate the model parameters

(φ, β, δ)

using our previous

estimates, and the moments of the explanatory for the model with Physics as an outcome. We include Gender
and Age as individual and contextual eects. For Gender, we assume that follows a Bernoulli distribution
with a proportion equal to the sample proportion. We assume that Age follows a normal distribution with
mean equal to 17.13 and standard deviation 0.905, which are the moments on the sample of students.
We follow Boucher et al. (2014) and set the standard deviation of the error term in the structural equation
equal to the estimate of the standard deviation of the sample and run 1,000 replications.
Table 6 presents the results of the Monte Carlo simulation. Comparing the results presented in Table3
(for Physics) and Table 6, we conrm that the CML estimator has small bias and standard error.

Attrition.

In this section we present some robustness checks of our estimations for both models. Given

that we have information on the schools and grades for both data sets used to estimate Model 1 (ICFES test
scores and MeL 2007), we can recover the students who were not matched with MeL 2007, identifying the
students who took the test in 2007 but were not matched with MeL 2007 for the schools used in our previous
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Table 4: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
specications. We were able to recover a total of 2,468 students who did not match up with MeL 2007 and
took the ICFES test.

20

We ran a regression for all of the test scores using as explanatory variables: Gender,

Evening, Age and a binary variable (Index), which is one (1) if the individuals took the test but were not

21

matched with Mel 2007, in order to test attrition in the test scores.

Table 13 reports the results for the eight test scores used in our regressions. Notice that Index is not
signicant at a 10% level for all the test scores except for Social Sciences. If we control for the quality of the
merge by school, excluding those schools with more than 25% of students not matched, Table 14 shows that
Index is no longer signicant. We used this fact to perform some robustness checks to analyze the impact,
if any, of attrition.
Tables 15 and 16 report CML estimate results for the linear model excluding those schools with more than
20% of the students not matched. The results for the peer eect parameter were very similar for Biology,
Social Sciences, Physics and Chemistry from our previous estimates. For Mathematics and Language, both
coecients were larger than our previous results, as well as being positive and signicant. In general, the
results found in the previous sections remain robust.

Independent X1,r and X2,r .

We estimated our linear model assuming that

X1,r

is dierent from

X2,r .

From his Monte Carlo results, Lee (2007) showed that CML estimates of the peer eect parameter had larger
standard deviations when

X1 = X2

than when

X1

was independent of

X2 .

Second, we estimated our linear

model taking school-by-grade as the reference group instead of school-by-grade-by-classroom.

Lee (2007)

showed that the behavior of the CML estimates of the endogenous peer eect parameter (φ) was overall poor
(biased), for the models with large group interactions. Moreover, the social interaction parameters,

(φ, δ),

had larger standard deviations for models with large group interactions, although the bias of the exogenous
social interaction parameter (contextual eect) seemed small.
Tables 7 and 8 report the CML estimate results for the linear model assuming that
were independent.

X1,r

and

X2,r

We included as individual variables Municipality, Repeating, Age (December 2007),

20 We dropped the observation that reported dierent schools in both samples, for a total of 20,518 students. Notice that we
have 273 students more in the ICFES data than in the MeL 2007 data.
21 These are the variables that we are allowed to construct using the ICFES data.
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Table 5: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
Dept (State) Born, Mun. Born, Gender, Evening and as contextual variables Stratum 1 and Stratum 2. As
expected, the standard deviations of the endogenous peer eect parameters were smaller, although the values
for the parameter were very similar, except for Mathematics which is not signicant in this regression. In
this model, the peer eect was positive and signicant for Social Sciences (φ
and English (φ

= 1.289)

= 0.656), Physics (φ = 0.745)
= −0.602) .

while it was negative and signicant for Chemistry (φ
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Table 6: Calibrated Simulations (1000 replications)

Notes:

(1) St. Dev. refers to the average of the standard errors. Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.

Table 7: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
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Table 8: Peer eect on student achievement: CML estimator

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.

Reference group school-by-grade.

Finally, Tables 17 and 18 report the CML estimates for the linear

model using school-by-grade as a reference group. As expected, we found larger coecients (in absolute value)
for the peer eect for all of the subjects except for Physics and Language.

The results were remarkable,

particularly for the case of Physics; we found that the coecient was negative although not signicant, while
in our two previous estimations we found a positive and signicant coecient, around 0.6. We also found
a smaller parameter, positive and signicant for Language.

When we take school-by-grade as a reference

group we found that the peer eect was positive and signicant for Biology (1.18), Social Sciences (1.539),
Mathematics (0.24) and Language (0.164), while it was negative and signicant for Chemistry (-0.477).
Although we may expect the CML to become larger as the average group size increases, Boucher et al.
(2014) showed that the bias of the CML typically decreased and the precision typically increased when we
xed the average group size and increased the length of the interval from which group sizes were picked. This
fact may explain why we nd smaller standard deviations for the estimates of the peer eect parameter.

4 Binary Model with Endogenous and Contextual Eect
4.1

Theoretical Motivation

Our second model of education assumes that students have to decide between two types of eort levels, high
and low, coded in
student

i0 s

ei,r

as a realization with support

{−1, 1}.

As in the previous model, we assume that

decision is under the inuence of his or her peers of her reference group

r.22

We assume that

individual utility, following Brock and Durlauf (2001), is dened by,

V (ei,r ) = u (ei,r ) −

2
φ
ei,r − m̄ei,r +  (ei,r )
2

2
u (ei,r ) is the individual utility associate with a level of eort ei,r , φ2 ei,r − m̄ei,r is the cost associate
e
deviate from the social norm, m̄i,r is the expected value of the average eort of his group r , from the

where
to

(11)

22 In

fact we use the same notation that we used in the previous model.
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perspective of individual
agents.

i23 ,

and

 (ei,r )

is a random term independently and identically distributed across

Moreover, we assume that the errors are independent and extreme-value distributed, so that the

dierences in the errors are logistically distributed.

We assume that the level of eort is correlated with

the probability of pass/fail the year. Particularly, if a student decides to put high eort the student will be
promote to the next grade with probability

pL , pL < pH .24

pH

and if she puts low eort she will promote with probability

For the rst part of this article, and for simplicity, we assume that

pH = 1

and

pL = 0.

This

assumption produces a direct link between the probability of put high eort and the probability of being
promoted to the next grade.
As in the previous model we proxy individual heterogeneity
student

i, xi,r ,

∗
wi,r
Xr .

and the contextual eects of his peers

Durlauf (2001), each student choice will obey the probability

Prob(ei,r = 1|x(i),r ) =

that

26

by observables characteristics of

1

∗ X δ + φm̄e
1 + exp −2 xi,r β + wi,r
r
i,r

Using rational expectation assumption, e.g.

E (ej,r ),

25 ,

u (ei,r )

Using the same strategy used in Brock and

(13)

mi,j,r = E (ej,r ) and symmetry within group r, e.g. E (ei,r ) =
m∗(r) such

Brock and Durlauf (2001) show that there exist at least one expected average choice level

m∗(r)

mr


1 X
∗
=
tanh x0i,j β + wi,r
Xr δ + φm∗(r)
1 + nr j=1

(14)

Using this equilibrium condition in (13),

Prob(ei,r = 1|x(i),r ) =
for

i = 1, ..., n.

4.2

1




∗ X δ + φm∗
1 + exp −2 xi,r β + wi,r
r
(r)

(15)



This parametric form is very convenient to derive a maximum likelihood estimator.

Estimation Method

Under the assumption,

pH = 1

and

pL = 0,

there is direct link between the probability of put high eort

and the probability of being promoted to the next grade. Thus, the empirical counterpart of (15) is,

Prob(yi,r = 1|x(i),r ) =
where

yi,r ∈ {−1, 1}

and is equal to

−1

1




∗ X δ + φm∗
1 + exp −2 xi,r β + wi,r
r
(r)

(16)



if the student is promoted to the next grade and equal to 1 if

the student fails her grade level. Brock and Durlauf (2001) and Lin and Lee (2009) show that under the
assumptions of the model presented in section 3.2 the log likelihood function of the model is,
1
23 e.g. m̄e =
meij,r
i,r
mr −1
j6=i
24 To be more precise,

P

where meij,r is the expected value of individual j choice from the perspective of individual i.
V (1) = u (1) −

φ
(1 − m̄ei )2 +  (1)
2



= pH u (1p ) + (1 − pH ) u 1N p −

φ
(1 − m̄ei )2 +  (1)
2

and similar for ei,r = −1.
Brock and Durlauf (2001) suggest rewriting the joint probability over all choices,
 P
 

25 Particularly,

exp β

Prob(ei,r |x(i),r ) =

P
v1 ∈{−1,1}

....

n
i=1

u (ei ) −

φ
2

ei,r − m̄ei,r

 P
I

P
vn ∈{−1,1}

exp β

i=1



u (vi ) −

2

φ
2

ei,r − m̄ei,r

2 

(12)

so that the exponent in the expression
only depends on ei linearly. Moreover, Brock and Durlauf (2001) noticed that

2
 
φ
e
e− J
e 2 . Then equation 12 can be written as equation 13.
e
−
m̄
=
φe
m̄
1
+
m̄
i
i,r
i,r
i
i
2
2
26 See Brock and Durlauf (2001) and Li and Lee (2009) for details.
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lnL ( (β, δ, φ) ; yi,r | Xr ) =

n 
X
1 + yi,r

2

i=1
Note that

m∗(r)

ln (Pr ( yi,r

1 + yi,r
= −1| Xr )) +
ln (Pr ( yi,r = 1| Xr ))
2


(17)

(equation 14) depends on the parameters to be estimated by maximizing the log likelihood

function, 7. In order to address this problem we followed strategy suggested by Lin and Lee (2009); we start
with an initial guess for

∗
replace m(r)

0

0

0

β 0 , δ 0 , φ0



and then we calculate

m∗(r) β 0 , δ 0 , φ0



solving numerically 14.



1

1

1

β , δ , φ in the log likelihood and get MLE estimation of parameters β , δ , φ

m∗(r) β 1 , δ 1 , φ1 , again. This process continues until it converges.



We

, which can

be used to calculate

Lin and Lee (2009) noticed of a complication to compute the asymptotic variance of the MLE which is,

n
1 X 0
gi gi
N i=1

!−1

where,


gi = 2

where

0

η = (β 0 , δ 0 , φ0 ) .





xi,r
∂m
1 + yi,r
(r)
∗

Xr  + φ
− Pr ( yi,r = 1| Xr )  wi,r
2
∂η
∗
m(r)

Taking derivative to both sides of equation 14, and rearranging the terms we get,




Pmr
xi,r
2
1
∗
xi,r β + wi,r
Xr δ
∂m(r)
j=1 1 − tanh
mr +1
∗
=
 ×  wi,r Xr 
Pmr
∗ X δ
∂η
1 − mrφ+1 j=1
1 − tanh2 xi,r β + wi,r
r
m∗(r)
Brock and Durlauf (2007) provides a set of results under which conditions econometric identiability of
binary choice models with social interactions is possible. Li and Lee (2009) extends Brock and Durlauf (2001)
model to allow for inclusion of a univariate variable representing unobserved common factors of the group
in order to address for the correlated eect model. Moreover, Li and Lee (2009) showed that identication
of this eect is possible under Brock and Durlauf (2001) rational expectation model.

4.3

Data

We use data from records of public schools (

Matricula en Linea, MeL) from the Department of Education of

the municipality of Medellin, Colombia. The MeL, provides us with detailed information on the students who
were enrolled in public schools in 2006 and 2007, for elementary (Primary, grades 1 to 5) and secondary-high
school (grades 6 to 11).
We merge the MeL data for 2006 and 2007 for the students who were enrolled between 6th and 9th grade
in 2006 i.e., students who were in Secondary in 2006. We use students who were between the 6th and the
9th grade for three reasons: rst, 6th grade is the rst year of secondary-high school in Colombia. Thus,
it is very common to observe that the composition of groups changes because the number of classrooms
per grade-school is dierent from primary.

Second, retention rates are higher for secondary school than

for primary, and in many cases this is associated with the transition of the curriculum from primary to
secondary.

Third, drop-out rates are very high above 9th grade.

Although this might not be a big issue

since we are taking those students who were reported as repeating a grade level and remain enrolled in their
schools (remember that one of the most important features of the data is that, at the beginning of the year,
we are able to identify which are new students, come from a dierent school and are repeating a grade), the
quality of the data may be worsened by this fact.
Of the 104,090 students who were reported in MeL 2007 between these grades, we matched 92,603 (89%)
of them with MeL 2006.This provides us with detailed information on the distribution of the students by
classroom, grade, and school in 2006 and 2007. Moreover, from the 92,603 students who were reported in
both samples, 3,931 (4.25%) of them did not pass their academic year in 2006 (They were not promoted to
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the next grade level). Using the MeL data we are able to know the reference group (their classmates in 2006)
of the students who were repeating the academic year in 2007 and estimate if there is any peer eect in the
amount of eort that led students to pass/fail the year in 2006. Table 12 presents a t-test for the mean for
the school-by-grade for the students who were and were not matched. Municipality, gender and Stratum 2
are signicant, although the Stratum 2 is the only variable that remained signicant when we control for
the quality of the merge by school, excluding those schools with more than 25% of students not matched.
We performed some robustness checks to analyze the impact, if any, of attrition.

We also know for each

year, the students who were repeating a grade as well as the new students, including those who came from
a private school. Thus, we were able to control for dierent covariates. Third, since we had a large sample
size (over 92,603 students), we are able to run our regressions by grade.

27

We excluded schools that did not report any student who was repeating her grade level in 2007.
also excluded schools that oer grade levels that last less than a

28
year .

We

Finally, we excluded schools with

less than 10 students per grade. We end up with a sample of 62099 students distributed in 610 groups.

4.3.1 Descriptive Statistics
Table II reports summary statistics of the variables we used in our empirical analysis. Almost 4.25% of the
students were not promoted to the next grade in 2006. Notice that these are students who failed the year
and remained enroll in any public school. We also know for each group the students who were repeating the
year, whether they came from a dierent school or just were not enrolled. We use this feature of the data as
a robustness check. Around 4.6% of the students who were in 6th grade did not pass the year; 3.8% for those
who were in 7th grade; 3.3% and 2.5% for the students who were enrolled in 8th and 9th grade, respectively.
This is a very interesting feature, given that the percentage of students matched is constant (and even higher
for the upper grades) across the grades. Notice also that, Municipality, Stratum 1, Stratum 2, Dept. born,
Mun. Born, Gender, Evening, and Subsidy have similar values to the ones presented in Table 1.

27 There are two important reasons for that: rst, in general public schools in 2006 did not follow the policy of trying to
promote as many students as possible to their next grade; thus, it would be very strange that this event occurs in a school.
Second, we want to exclude non-formal schools that very often promote students to their next level.
28 In 1993, Colombia decided to design a test that allows students to validate its secondary and high schools. At the same
time, special schools were created that oer intensive programs where each grade level lasts six months or less. These special
schools were designed for adults who had abandoned their schools, and who wanted to validate secondary and high school in a
short period of time.
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Table 9: Description of variables and their statistics

4.4

Empirical Results

Table 10 reports the results for our Binary model, using school-by-grade as a reference group

29 .

We

estimated ve models: Model 1 (2nd and 3rd columns of Table 5) assumes a model with no social eects.
Model 2 (4th and 5th column of Table 5) includes a contextual eect to Model 1. If we add school dummies
to Model 2, we will get a model with contextual eects and school xed eects (Model 3, e.g. columns 6th
and 7th). Model 4 (8th and 9th columns of Table 5) includes endogenous and contextual eects. Finally, we
add school dummies to Model 4 (Model 5, e.g. columns 11th and 12th). Lee and Lin (2014) remark that,
due to the nonlinearity of the models, explanations of estimated parameters are not straightforward as they

30 .

are in the linear model. Given this, we limited our attention to the signs of the parameters in this section

Notice rst that for the ve models we nd that the probability of repeating a grade increases with age,
as we might expect. This is consistent with the previous literature as well as with the results we found for the
linear model. Boucher et al. (2004) suggested that being younger is a natural proxy for ability, since older
students have often repeated a grade. Moreover, the probability of not being promoted to the next grade
is signicantly lower for female students than males. Although male students perform better than female
students in the college-entry test (ICFES), in general male students tend to have more disciplinary issues
(Figlio, 2007, Lavy and Schlosser, 2011 and Carrel and Hoekstra, 2010).

Notice also that those students

who were repeating their grade levels in 2006 have a lower probability of not being promoted to the next
grade in 2006, thus punishment of not being promoted works. In general, students who were born outside
of Antioquia and Medellin have lower probability of repeat a grade level, while students who attend public
school during evenings have a lower probability.
For the contextual variables, we nd that an increase in the share of students repeating an academic
grade increase the probability of not being promoted to the next academic year for the members of a group.
Similarly, nd that an increase in the average age of students has a negative and signicant eect on the
probability of not being promoted to the next grade level. Note that the proportion of female students has
not a signicant eect.
Finally, the endogenous peer eect is signicant only when we include school xed eects in our specication. This is a novel result, which suggests that, in their decision to make high or low eort that leads
students to pass or fail their academic year, peer eects matter.

29 We were not able to estimate our second model by classroom-grade-school because of computational demands
30 In Appendix B, we provide marginal eects following the procedure suggested by Lee and Lin (2014).
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of the model.

Table 10: Binary Model

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is 1 if the student fail his or her academic grade in 2006 (reported in 2007) -1 otherwise.
4.5

Robustness Checks

In this section we present some robustness checks of our estimations.

In order to check if there was any

attrition on the retention rate for the students that were matched for the two years (MeL 2006 and 2007), we
estimated a linear probability model using the complete sample for MeL 2007 for the grade levels included

31

before.

We included a binary variable that is one if the student was repeating his or her grade level in

2007 and zero (0) otherwise, as the dependent variable. As explanatory variables we included the controls
for 2007 used in our previous regressions, school xed eects and we included an index variable which is one

32 .

if the student was not matched with MeL 2006

Table 19 reports the results for the complete sample and excludes those schools with more than 10% of
students who were not matched with MeL 2006. Although we had a tighter restriction than before (25%),
we still included a large share of students from the complete sample (around 70%). Column 2 and Column 3
of Table 19 report the results for the complete and restricted sample, respectively. Although we found that
Index was signicant for the complete sample, once we controlled for the quality of the merge by school, it
was no longer signicant. We used this fact to perform some robustness checks to analyze the impact, if any,
of attrition.
Table 20 reports the results for the model excluding those schools with more than 10% of students in
MeL 2007 not matched with MeL 2006. In general, the results found in the previous section remain robust.
Finally, although we were not able to estimate our second model by classroom-grade-school because of
the computational demands of the model, we took a random sample of 50 from the 180 schools available in
our data and estimated our Binary model using classroom-by-grade-by-school as a reference group. Table 21
reports the results. We found a positive and signicant coecient for the endogenous peer eect. Moreover,
the coecient is larger than the coecient we found when we used school-by-grade as a reference group.
Nevertheless, there is no evidence in the literature that might suggest if there is any bias for dierent group

31 Notice that in our previous regression we included the students who were in 6th to 9th grade in 2006. We took all the
students of MeL 2007 between 7th to 9th grades if they were not matched with MeL 2006, and the corresponding grade levels
for the students who were matched. Notice that we are able to perform this analysis since we know, at the beginning of each
year, which student is repeating his or her grade level.
32 Notice that for the estimation of Model 2, we included the characteristics of the students in 2006.
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sizes that might explain the dierences in the magnitudes, or if it is just that at the classroom level the
social interactions are dierent than at the complete grade level. This is a topic for future research.

5 Conclusions
In this paper we investigate the presence of peer eects in student achievement (test score by subject)
and in the probability of repeating an academic grade (e.g. students who were not promoted to the next
grade) for the public schools in the city of Medellin, Colombia. We used administrative data of students
enrolled in public schools (complete census by school-grade-classroom) for 2006 and 2007 and students who
took the college-entry test (ICFES) in 2007.
We estimated two educational structural models inspired by the previous literature on linear-in-means
models and binary choice models with peer eects. We took advantage of the new developments in econometric techniques to identify and measure peer eects: for the linear-in-means model, Model 1, we followed
the econometric procedure suggested by Lee (2007), which allows the existence of correlated unobservables
as a xed eect in a group and the identication of endogenous and exogenous social interaction eects.
For the Binary choice model with peer eects, we followed the strategy suggested by Brock and Durlauf
(2001) and Li and Lee (2009). Brock and Durlauf (2007) provided a set of results under which econometric
identiability of binary choice models with social interactions was possible.

Li and Lee (2009) extended

the Brock and Durlauf (2001) model to allow for inclusion of a univariate variable representing unobserved
common factors and that showed that identication of this eect was possible under the Brock and Durlauf
(2001) rational expectation framework.
A novel feature of the data used in this paper is that we have detailed information on the distribution of
the students by classroom-by-grade-by-school. Although we have a large sample size, we have small groups
(around 30), compared to previous studies that have used Lee's strategy (e.g. Boucher et al. 2014), and
large group dispersion. These two features of the data were key to reduce the bias and increase the precision
of the estimates. Moreover, and particularly for Model 1, these administrative data provided information on
individual scores in multiple subject areas including Math, Chemistry, Physics, Biology, Social Science, and
Spanish Language. This is by far more than what previous studies have used.
Although we were not able to estimate our second model by classroom-grade-school because of computational demands of the model, there are two important remarks. First, it is not clear how an increase in the
average group size may reduce the precision and increase the bias of the estimates for the non-linear model.
Second, we have a large sample size with large group dispersion that may suggest that the estimates are
robust.
In general, we found that peer eects were important and had a signicant impact on student outcomes.
Particularly, for our rst model, we found evidence of positive and signicant peer eect in student test
scores for Mathematics (0.428), Social Sciences (0.749), English (1.385) and Physics (0.759) and negative
and signicant for Chemistry (-0.505), when we include the same variables as contextual and individual
exogenous eect. These results are, in general, robust to dierent specications and potential issues related
to the sample used. We compute calibrated Monte Carlo simulations, which conrm that the CML estimator
has small bias and standard error for three models (Mathematics, Social Sciences, and Physics) for which
we found positive and signicant peer eects.
For our second model, the binary choice model with peer eect, we found evidence of positive and
signicant peer eect when we included school xed eects in our specication. Moreover, we took a random
sample of 50 from the 180 schools available in our data and estimated our Binary model using classroomby-grade-by-school as a reference group. We found a positive and signicant coecient for the endogenous
peer eect. Moreover, the coecient is larger than the coecient we found when we used school-by-grade
as a reference group. This is a novel result, which suggests that, in their decision to make high or low eort
that leads students to pass or fail their academic year, peer eects matter.
We performed dierent robustness checks for both models that conrm that our results are robust.
From our results, two interesting topics appear to be fruitful for future research: First, from Lee (2007)
we know that the behavior of the CML estimates of the endogenous peer eect parameter is overall poor
(biased), for the models with large group interactions. However, Boucher et al. (2014) found that conditional
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on estimating on the whole sample, even data on larger groups may provide useful information, given that
there is large group-size dispersion. Thus, the use of classroom instead of grade is not totally better

per se

since we are excluding possible interaction with students from other classrooms in the same grade. How to
measure what share is due to the bias and what share is due to new interactions is denitely very important.
Second, as Boucher et al. (2014) suggested, the analysis of how group size variation may help identication
of peer eects when the outcome is a discrete variable is a fruitful direction.

6 Appendix.
Table 11: Attrition Linear Model (Model 1)

Notes:

(1) Group 1 refers to matched students and group 2 refers to unmatched students.
(2) Asterisks indicate signicance level at ∗∗∗ 1%; ∗∗ 5%; ∗ 10%.

Table 12: Attrition Binary Model (Model 2)

Notes:

(1) Group 2 refers to matched students and group 1 refers to unmatched students.
(2) The table at the top includes all grades and the panel at the bottom includes grades with
a ratio (Unmatched/Total of students) less than 25%.
(3) Asterisks indicate signicance level at ∗∗∗ 1%; ∗∗ 5%; ∗ 10%.
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Figure 1: ICFES Test Score by Subject for Males and Females.
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Table 13: Attrition on test scores: LS estimation with school xed eects.

Notes:

(1) Asterisks indicate signicance level at ∗∗∗ 1%; ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
(3) Robust standard errors in parentheses.
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Table 14: Attrition on Social Sciences: LS estimation with school xed eects

Notes:

(1) Asterisks indicate signicance level at ∗∗∗ 1%; ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for Social Sciences' for 2007.
(3) Robust standard errors in parentheses.

Table 15: Peer eect on student achievement: CML estimator, excluding those schools with more than 25%
of students not matched

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
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Table 16: Peer eect on student achievement: CML estimator, excluding those schools with more than 25%
of students not matched

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
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Table 17: Peer eect on student achievement: CML estimator, using school-by-grade as a reference group

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
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Table 18: Peer eect on student achievement: CML estimator, using school-by-grade as a reference group

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is the ICFES test score for 2007.
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Table 19: Attrition on repeating a grade level: LS estimation with school xed eects.

Notes:

(1) Restricted: We exclude those schools with more than 15% of students not matched.
(2) Asterisks indicate signicance level at ∗∗∗ 1%; ∗∗ 5%; ∗ 10%.
(3) The dependent variable is 1 if the student fail his or her academic grade in 2006 (reported in 2007) 0 otherwise.
(4) Robust standard errors in parentheses.
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Table 20: Binary Model, excluding those schools with more than 15% of students not matched

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is 1 if the student fail his or her academic grade in 2006 (reported in 2007) -1 otherwise.
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Table 21: Binary Model: Random sample of 50 schools using classroom as the reference group.

Notes:

(1) Asterisks indicate signicance level at ∗∗ 5%; ∗ 10%.
(2) The dependent variable is 1 if the student fail his or her academic grade in 2006 (reported in 2007) -1 otherwise.
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