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Abstract 
 
Bilingual education programs promote students’ language proficiency and 
communicative competence in a language other than their own. Nowadays, 
bilingual programs are present worldwide responding to an increasing demand 
partially driven by the potential personal and economic benefits from being 
proficient in a foreign language. However, bilingual education increases the 
difficulty of learning academic content due to it being taught in a non-native 
language. To measure the importance of this effect, I utilize standardized test 
data and the Spanish-English bilingual program of Madrid. The findings show a 
small but significant negative impact of the program on the performance of 
students in English-taught content. The negative effect is stronger around the 
median of the student’s ability distribution. 
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1 Introduction

Bilingual education programs exist worldwide in a variety of countries including Argentina, India,
the Netherlands, the United States of America and Spain. They offer academic content instructed
in different languages to promote the lifelong improvement of communicative skills in two different
languages. These programs respond to an increasing demand for proficiency in a foreign language
enhanced by an integrated global market. The widespread knowledge of languages is an important
determinant of foreign trade with English playing an important role as shown by Fidrmuc and
Fidrmuc (2009). Furthermore, there is a positive link between English proficiency and success
in the labor market (Gonzalez, 2000; Trejo, 2003; Bleakley and Chin, 2004). In the case of
Spain, the returns to the English language have been found to be very large through Mincerian
regressions; Ginsburgh and Prieto-Rodriguez (2011) find point estimates of a 39% increase in
wages.

The typical objectives of bilingual programs include language, academic and affective dimen-
sions. High levels of proficiency in their first and a second language, performance at or above
grade level in academic areas in both languages and positive cross-cultural attitudes and behav-
ior1(Christian, 1994). Additionally, a number of studies have reported that bilingual children
exhibit a greater sensitivity to linguistic meanings and may be more flexible in their thinking
than monolingual children (Diaz, 1985; Cromdal, 1999). By becoming competent in two language
systems, the bilingual student has had to decipher much more language input than the mono-
lingual student. Therefore, the bilingual students has had more practice in analyzing meanings
than the monolingual student (Cummins, 2000).

The term “Bilingual Education” (BE) is inherently ambiguous as it encompasses both sub-
mersion and immersion programs. The term “submersion program” refers to a situation where
language minority children are taught in the language of the general population. This type of
instruction aims to develop the command of a language that might be foreign to the minority
but is the dominant language outside the school. The impact of bilingual programs of this type
has been widely studied in the USA. For example, Jepsen (2010) studies the impact of this
type of bilingual program on Spanish-speaking, English learning students in California2. Also,
a meta-analysis on the effectiveness of submersion bilingual programs can be found in Greene
(1998). Alternatively, BE also refers to a situation in which a language which is not the domi-
nant language for the larger society is the medium of instruction. This situation is referred to
as “immersion”. The impacts of bilingual immersion programs in Europe have been studied by
Admiraal, Westhoff and de Bot (2006) in the Netherlands as well as by Anghel, Cabrales and
Carro (2015) and Gerena and Verdugo (2014) in Madrid.

Bilingual education increases the difficulty of learning academic content due to it being taught
in a foreign language. Thus, the potential negative consequences such additional hardship might
have on the development of student’s language skills and academic knowledge are a concern.

1The positive cross-cultural externalities coming from a bilingual program are to be understood in a context
where there is a language minority; in this case Spanish speakers in California. Thus, a bilingual program in
this setting also aims to foster cross-cultural interactions between native Spanish and English students under a
bilingual Spanish-English framework.

2An English learning Student (ELs) is a student who is not proficient in English and speaks a language other
than English at home.

2



In regards to linguistic competencies, the evaluation of bilingual programs for both majority
and minority language students shows no long-term academic delay in the majority language
for those students exposed to partial minority language instruction (Appel and Muysken, 2006).
This result can be interpreted as evidence that the first and second language academic skills
are interdependent and manifest a common underlying proficiency (Cummins, 2000). These
cross-lingual relationships are stronger between languages with more commonalities as shown
by Genesee (1987). Regarding academic content, I am interested in the impact of BE on the
knowledge acquired through English instruction for native Spanish speaking students within
the Autonomous Community of Madrid. This paper, looks into the Spanish-English bilingual
program in Madrid, where the two main languages of instruction are not as closely related as
the languages in other bilingual programs in Spain such as the Catalan-Spanish or the Galician-
Spanish bilingual education programs in their respective autonomous communities. In 2004, the
regional Ministry of Education in Madrid launched the Madrid Comunidad Bilingüe program
(MCB). This program is a Spanish-English bilingual immersion program where students receive
at least 45% of the academic instruction in English.

The aim of this paper is to contribute to the empirical literature on bilingual education
programs by studying the impact of BE on content learned in a non-native language. To do
so, I look into the bilingual program of Madrid together with a standardized test students in
Madrid sit at the end of primary education. My contribution is twofold. On the one hand, I
estimate the average treatment effects of the bilingual program on the performance of students
on the academic content instructed in English. The former research on this policy conducted
by Anghel, Cabrales and Carro (2015) used a standard Diff-in-Diff specification. In this paper,
a Diff-in-Diff specification with school fixed effects is used. The model presented controls for
unobservable time-invariant characteristics at the school level including student school-average
unobservable characteristics as long as there is not much time-variation in these average char-
acteristics. The analysis is conducted using newly available data for the years 2013 and 2015.
There is statistical evidence that the increased difficulty of learning in a foreign language has a
negative and significant impact on content learning. On the other hand, the distributional effects
of the same policy are studied modifying the 2 step method proposed by Chetverikov, Larsen
and Palmer (2016) exploiting the extra time dimension available in the data. Their method is of
practical significance when the researcher has data on a group-level endogenous treatment and
has microdata on the outcome of interest within each group. Specifically, I follow the same first
step as the authors but use a different specification for the second step instead of OLS/IV to
address the expected endogeneity of the program. The results show that the impact of the policy
is concentrated around the median with smaller effects at the tails of the distribution.

This paper does not evaluate the bilingual program of Madrid as a whole but solely focus
on the impact of the increased difficulty of learning content in a non-native language. Future
research, with newly available data, will also be able to provide with an estimation of the expected
positive impact of the policy in students’ English proficiency which is the main purpose of this
policy and that I do not investigate. By no means does this paper conclude that the negative
impact found in the content taught in English is an indication that the bilingual program in
Madrid is not successful.
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The paper is organized as follows. In Section 2 the institutional background and program
information relevant to this study are provide. In Section 3 the standardized test data utilized
to conduct this paper’s analysis is described. In Section 4 the empirical strategy followed to
analyze both average and distributional effects is presented. Estimation results are provided in
Section 5. Conclusions and limitations of the analysis are presented in Section 6 together with
policy recommendations. Section 7 displays the different robustness checks for the average and
distributional estimation results.

2 The Bilingual Program in Madrid

2.1 Purpose and Nature of the Program

The Madrid Comunidad Bilingüe program is a Spanish-English bilingual program which promotes
the acquisition and lifelong improvement of communicative skills in English responding to a
primary objective of the European Union. State bilingual primary schools, in addition to the
English language classes, teach at least three other subjects in English, excluding Mathematics
and Spanish Language & Literature.

The program can be categorized as a Content and Language Integrated Learning (CLIL)
program. Under this methodology, a secondary language is used as the medium of instruction
for some academic content. Thus, it serves the dual purpose of teaching the same specific
curricular content as non-bilingual primary schools in Madrid while also improving the overall
English proficiency. This kind of approach has been identified as very important by the European
Commission as: “It can provide effective opportunities for pupils to use their new language skills
now, rather than learn them now for use later. It opens doors on languages for a broader range
of learners, nurturing self-confidence in young learners and those who have not responded well to
formal language instruction in general education. It provides exposure to the language without
requiring extra time in the curriculum, which can be of particular interest in vocational settings.”
(European Union Council, 2008).

The MCB program began in 2004 with 26 state bilingual schools and has grown to 352 public
primary schools and 181 charter schools. In 2010, 32 state bilingual secondary schools joined the
program and the number has increased to 110 in 2016.

Table 1: Number of Primary Schools and Students under the Bilingual Program

Year 2005 2007 2008 2010 2015
Primary Schools 26 122 147 206 336
Students 1481 10949 18439 37765 88000

2.2 Selection of New Bilingual Schools

Since 2004, the Regional Ministry of Education has published a yearly order containing an official
call for the selection of new schools to join the bilingual program. This order establishes the
requirements for schools to be able to guarantee that they are able to implement a bilingual
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program. When the program launched in 2004, there were three criteria used to evaluate the
applicants to the program:

1) Acceptance from the educational community: Given by the application to the program by
both the school teachers and the school board. The school board is a decision making body
formed by the school’s principal, teachers and elected parents.

2) Feasibility of application: The school’s former experience in relevant teaching practices through
small scale pilot programs, teacher specialization in English and school resources, number of
students and classes.

3) Geographical equality: The first schools under the MCB program were selected so as to have
a balanced distribution of bilingual schools across the entire Madrid Community.

In 2005, the third requirement was substituted by

3’) Teacher’s Proficiency in English: Teachers are required to show credentials ensuring their
command of English to be sufficient to properly instruct in the bilingual program3.

2.3 Elements of the Bilingual Program

1) Teaching staff

• The principal and bilingual program coordinator: Together with the school management
team the principal and bilingual program coordinator collaborate in the organization of
teaching assistants and the external evaluation.

• Primary and secondary school teachers: In recognition for their efforts to teach in a
foreign language and the obtained Linguistic Certificate, they receive a financial bonus
in accordance with the number of hours taught in English.

2) Teacher training: The Regional Ministry of Education provides training to teachers, princi-
pals and school management teams. These training programs take place abroad in English-
speaking countries with the goal of improving linguistic as well as managerial skills.

3) Certificate to teach in a foreign language: Teachers in the bilingual program must first obtain
the certification required for bilingual teaching positions. There are two ways to become
certified:

a) Submit certain university degrees or official language certifications deemed to be equivalent
to a CEFRL4 level C1 or above.

b) Pass an exam which recognizes – exclusively for teaching positions in the Autonomous
Community of Madrid – a C1 level of linguistic proficiency.

3A more detailed description of the required English credential can be found in Section 2.3
4Common European Framework of Reference for Languages
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4) Language assistants: Language assistants are university graduates from English speaking
countries who support the work of teachers in the classroom. The selection of these individuals
is done jointly by the Regional Ministry of Education, the (National) Ministry of Education,
the Fulbright Commission and the British Council. Language Assistants are accepted for one
academic school year and they can apply to renew their contract for a second year. They
collaborate 16 hours per week at their assigned schools. In return, they receive a stipend
from the Regional Ministry of Education which amounts to 1,000 euros a month during
the academic year. During the 2014-2015 academic year there were 1,098 English speaking
language assistants assigned to state primary schools and 428 to state secondary schools5.

5) External evaluation: The students in the bilingual program have their English skills assessed
in second, fourth and sixth grade of primary school and during the second and fourth years of
state secondary school. These external evaluations are administered by the British Council.

3 Data

Every year, the Community of Madrid administers the standardized test Conocimientos y De-
strezas Indispensables (CDI). This exam takes place annually at two different ages. The primary
school CDI takes place in 6th grade (sexto de primaria) and the secondary school CDI takes place
in 9th grade (tercero de ESO). Both exams are conducted in Spanish, regardless of whether stu-
dents are enrolled in a bilingual program. The exam is undertaken by every student in Madrid,
so it collects information from public, charter and private schools. Similar to PISA, the primary
school CDI has no academic repercussions for the student beyond the information they provide
the school, parents and students about their relative performance6.

The primary school CDI exam is divided into two parts. The first part lasts an hour and
evaluates the students’ skills in Reading, Grammar, and General Knowledge7. The contents
of the General Knowledge part correspond to the contents covered in the classes of Social and
Natural Science8. The second part lasts 45 minutes and evaluates Mathematical knowledge9.
Besides the scores for the different parts of the CDI exam, the data set also provides three basic
controls available for each student: gender, age and nationality.

3.1 Data Structure

The data utilized contains student-level data grouped by schools on outcomes of interest plus
controls and school-level treatment data. The dependent variables of interest are the scores
obtained in Mathematics, Language and Science. Moreover, a number of indices are constructed

5In addition to English-speaking language assistants, there are also 39 German and French teaching assistants
in the Autonomous Community of Madrid.

6The secondary school CDI exam, which used to take place in 9th grade, has now been removed. The grade
obtained in the secondary education CDI test was more than just informative as it would be a part of the eligibility
criterion for the Excellence Program in Madrid

7Hereafter, General Knowledge will be referred to as Science.
8In some schools, both subjects are merged into a single subject called “Conocimiento del Medio”
9The Primary School CDI carried out in 2009, 2010 and 2011 also answered to a survey which provided with

rich socio-economic information about the students. For unknown reasons, the survey was suspended until 2015
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using question specific data available for the years 2013 and 2015. The primary school CDI data
used comes from the years 2013 and 2015 although CDI results from 2009 to 2011 are used in
several robustness checks. Both dependent and control variables including gender, nationality
and age are available at the student-level.

4 Empirical Strategy

In this section, a brief introduction to the methodology used in quasi-experimental research is
provided. The first subsection may be unnecessary to readers familiar with econometric theory
but will hopefully provide with the basic intuitions to those not so familiar with this type of
estimation tools. First, the (unfeasible) ideal experiment which would capture the causal rela-
tionship of interest is presented together with the econometric specification which could be used
to estimate the causal effect of interest. Then, given the reality the researcher confronts, the
different models used to estimate both average and distributional effects of the bilingual policy
in Madrid are explained.

4.1 The Ideal Experiment

The purpose of this paper is to estimate the impact (causal effect) of the program Madrid
Comunidad Bilingüe (MCB) on the performance of students in content learned in a foreign
language. To capture the causal effect of the bilingual program on student performance, we
could rely of the following ideal experiment. Once schools apply to join the program, we could
randomly select treatment and control schools conditional on observable characteristics. All the
schools participating in the bilingual program would have exactly the same subjects and hours
taught in English and external evaluations were to be conducted in both treatment and control
schools in a variety subjects not just English. There would be a record of student transfers
to properly control for migration between schools and a number of socioeconomic covariates
including parents’ education level and occupation.

Consider Y1i and Y0i, the potential outcomes of individual i. In other words, Y1i is the grade
of a student had she gone to a bilingual school, irrespective of whether she actually went to a
bilingual school, while Y0i is the individual’s grade if she had not attended a bilingual school.
We would like to know the difference between Y1i and Y0i which could be identified as the causal
effect of attending a bilingual school for individual i. However, it is impossible to observe both
potential outcomes for individual i. Therefore, it is necessary to rely on comparisons between
those students who attended a bilingual school and those who did not. The observed outcome,
Yi, can be written in terms of potential outcomes.

Yi =

Y1i, if MCBi = 1

Y0i, if MCBi = 0
or Yi = Y0i + (Y1i − Y0i)MCBi (E1)

Where MCBi is a dummy equal to 1 if student i attended a bilingual school.

Conditional on observable characteristics, the difference between Y1i and Y0i, which could be
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identified as the causal effect of attending a bilingual school for individual i, is given by α.

α = E[Y1i−Y0i|Xi] = E[Y1i−Y0i|MCBi = 1, Xi] = E[Yi|MCBi = 1, Xi]−E[Yi|MCBi = 0, Xi]

Where E is the expectation function. In other words, E[Y1i − Y0i|Xi] is the expectation of the
causal effect given the observable characteristics Xi.

If the effect of the policy is the same for everybody, we say there are constant treatment
effects. The following linear regression can be used to estimate the causal effect of the policy on
students’ performance given by equation (E1).

Yi = β0 + α MCBi + δ′Xi + ηi (1)

Where Yi is the exam grade for student i, MCBi is a dummy if the school belongs to the
treatment/bilingual group and Xi are observable student characteristics. α is the parameter of
interest which captures the causal effect of the bilingual policy on students’ grades. δ′ is a vector
parameter capturing the effect of the different student-individual covariates.

4.2 The Identification Strategy

The linear regression proposed for the ideal experiment would lead to biased estimates as the im-
plementation of the bilingual program was done as described in Section 2. Recall that the school
selection was not random and that we do not have data on student socio-economic background or
transfers. Therefore, if we estimate the causal effect using the method proposed in Section 4.1 we
would be suffering from selection bias at both school and student level. In other words, if better
performing schools are more likely to implement the bilingual program, the estimated effect will
be biased upwards as it will be contaminated by the fact that bilingual schools perform better
to begin with. By the same token, if students/parents with higher income levels, associated with
better academic performance, are more likely to join bilingual schools, our estimation will biased
upwards.

In order to extract the causal effect of the MCB program given the reality we confront, we
need to rely on econometric methods to mitigate these sources of bias. The key to the causal ef-
fect estimation in Section 4.1 was to control for confounding factors such as students background,
transfers or school-specific characteristics. Nevertheless, even if we had many controls, we still
expect important confounders to be unobserved. But, we also expect some of these unobserved
confounders to be fixed so we will rely on methods which utilize the cohort dimension of the
available data. The underlying identification assumption in these models is that the counter-
factual trend for both treatment and control groups is the same. Conditional on the observed
characteristics, the trends in the performance of both treatment and control schools must be the
same.
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4.3 Statistical Inference

4.3.1 Estimating Average Effects

To estimate the average treatment effects, I use yearly observations by pairs grouped by schools
to have a before-&-after framework with student level outcomes of interest and covariates. The
treatment group is constituted by the bilingual schools that were bilingual in 2015 but not in
2013. The control group is constituted by the non-bilingual schools10. I estimate the following
equation for t = {2013, 2015}

Yist = ηs + θt + γDID(Dt ×MCBs) + δ′Xist + uist (2)

Where Yist is the CDI exam grade available for Mathematics, Language and Science or the grade
in the index constructed using individual questions. ηs is the school fixed effect, θt is the year
fixed effect, MCBs is a treatment school dummy and Dt is a year dummy. Xist are observable
student characteristics including age and dummies for gender and Spanish nationality. γDID is
the parameter of interest capturing the effect of the bilingual policy on students’ grades. The
estimated γ̂DID will measure the impact of the program on the students’ performance on the
dependent variable.

4.3.2 Indices built with individual questions

The CDI data for the years 2013 and 2015 contain question specific observations at the student
level which can be used to construct dependent variables Yist to assess whether the negative
impact found in Science responds to “knowledge” or “knowledge in Spanish”. Recall that the
CDI test is conducted in Spanish regardless of whether the students attend a bilingual school.
The specific questions do not have a numerical value but have three possible scores: ”Good”,
”OK” or ”Wrong”. The numerical values 1, 0.5 and 0 are assigned respectively. The constructed
indices are displayed in Section 5.2. These variables are: “Common”: self-elaborated indicator
using only those questions belonging to a field present in both exams11. “No Vocabulary”:
Average science grade excluding the vocabulary intense questions. “Geography”: Average of
Geography questions. “Vocabulary”: Average grade of vocabulary intense questions.

4.3.3 Estimating Distributional Effects

We are also interested in the effect of the policy on the within-school distribution of student-level
outcomes. We would like to know which part of the ability distribution of students is driving
the estimated average effect on Science12.

10When a school joins the bilingual program, it takes 5 years for their first bilingual cohort to be exposed to
the CDI standardized test. To avoid confusion, I will generally refer to bilingual schools as those facing the CDI
with a bilingual cohort. For example, the bilingual schools facing the 2015 CDI test with a bilingual cohort are
schools that joined the bilingual program in 2010.

11The 2013 exam has a question regarding musical instruments and Health which do not have a content match
in 2015. The 2015 exam has 2 questions on History which do not have a counterpart in 2013.

12Given the available student covariates, the distribution of ability could be understood as the distribution
of students’ suitability to study including their ability, situation at home, parents educational level and study
environment among other unobservable factors.
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To estimate the distributional effects of the policy on students’ performance in Natural and
Social Science I will focus only in the years 2013-2015 utilizing the same treatment and control
groups as in Model (2). The treatment group will be constituted by the bilingual schools that
were bilingual in the year 2015 but not in 2013. The control group will be constituted by the
non-bilingual schools. For this estimation, I will use a modified version of the two-step method
proposed by Chetverikov, Larsen and Palmer (2016) to exploit the extra time dimension available
in the data.

Step 1: Quantile regressions within each school are performed to estimate the effects of micro-
level covariates on individual student outcomes.

Qs
yit|xit

(τ) = αst (τ) + β′st (τ) xit + εsit(τ), τ ∈ T and s ∈ S (3)

Where Qs
yit|xit

(τ) is the τ th conditional quantile of yit in school s, ysit is the outcome of interest
at the student level in school s which is given by the CDI grade in Mathematics, Language
or Science. xit are student level covariates including age and dummies for gender and Spanish
nationality. T is the set of quantile indices of interest and S is the set of schools.

α̂s(τ) is estimated from equation (3) . Where α̂s(τ) can be understood as the school level
quantile net of the effect of student observable characteristics.

α̂s(τ) = 1
Ns

∑
i

(
Q̂s
yi|xi

(τ)− β̂s(τ) xi
)

Where Ns is the number of students per school.

Step 2: α̂s(τ) is regressed on school level covariates, including a treatment dummy, using a
suitable specification to capture the effect of the bilingual program. By doing so, we capture the
effect of the policy on student grades net of student characteristics for each quantile. Recall that
the school acceptance into the program was not done at random and thus I expect the bilingual
schools to self-select into the program. In other words, the treatment dummy included in the
vector of school characteristics Xs is expected to be endogenous. A Difference-in-Difference
specification with school fixed effects alike the one performed for the average treatment effects
is used13. The second step of the methodology proposed by Chetverikov, Larsen and Palmer
(2016) is modified in order to exploit the extra time dimension in the data available. Consider
the following specification:

αst(τ) = ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + ust(τ) (4)

Where ηs is the school fixed effect, θt(τ) is the year fixed effect, MCBs is a treatment school
dummy, Dt is a year dummy and Xst are observable school characteristics. ψ(τ) is the parameter
of interest measuring the impact of the bilingual policy on students’ grades for each quantile τ .

13Chetverikov, Larsen and Palmer (2016) regress the estimated αs(τ) on group-level characteristics using OLS
assuming Xs ⊥ ust. However, the authors also indicate that if Xs is believed to be endogenous, an IV approach
can be followed using Hausman and Taylor (1981) proposed methodology.
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5 Results

In this section, the results for the different specifications introduced in Section 4 are presented.
Firstly, the econometric specification is shown again followed by the descriptive statistics for the
treatment and control groups. Finally, the estimation output for the different models is provided
and the estimated parameters of interest explained.

5.1 Average Effect on Mathematics, Language and Science

The model used to estimate the average effect of the bilingual program in students’ performance
was given by equation (2) for t = {2011, 2013} and t = {2013, 2015}:

Yist = ηs + θt + γDID(Dt ×MCBs) + δ′Xist + uist (2)

Where γDID is the parameter of interest capturing the effect of the bilingual policy on stu-
dents’ grades. Tables (12) and (2) display the summary statistics for the treatment and control
schools for the years 2013 and 2015. The groups are very similar in terms of outcome variables
and covariates.

Table 2: Descriptive Statistics - 2013 & 2015

Mean / (SD) 2013 2015
Treatment Control Treatment Control

Mathematics 7.097 6.761 7.179 6.810
(2.260) (2.399) (2.521) (2.663)

Language 8.032 7.804 7.707 7.531
(1.842) (1.983) (1.741) (1.941)

Science 8.273 8.033 6.141 6.135
(1.658) (1.811) (2.316) (2.403)

Female 0.475 0.494 0.482 0.491
(0.499) (0.500) (0.500) (0.500)

Spanish 0.931 0.893 0.955 0.919
(0.254) (0.309) (0.208) (0.273)

Age 12.099 12.145 12.081 12.133
(0.309) (0.365) (0.294) (0.355)

Observations 6,128 46,588 6,618 48,786
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Table 3: Equation (2) Estimation Results for t = {2013, 2015}

Year 2013-2015 Mathematics Language Science

Diff-in-Diff 0.047 -0.058 -0.233∗∗
(0.077) (0.062) (0.094)

Female -0.298∗∗∗ 0.181∗∗∗ -0.323∗∗∗
(0.015) (0.012) (0.013)

Spanish 0.096∗∗∗ 0.323∗∗∗ 0.356∗∗∗
(0.033) (0.030) (0.030)

Age -2.073∗∗∗ -1.703∗∗∗ -1.679∗∗∗
(0.028) (0.025) (0.024)

Constant 32.025∗∗∗ 28.126∗∗∗ 28.285∗∗∗
(0.343) (0.300) (0.296)

Observations 105,684 105,668 105,668
Adjusted R-squared 0.249 0.241 0.383

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

The estimates obtained for equation (2) for t = {2013, 2015} can be found in Table (3).
There is evidence that girls perform relatively better in Language but worse in Mathematics
and Science than boys. Spanish students perform relatively better than the rest of students
in the three subjects and older students do worse in all three subjects. The estimation of the
parameter of interest γDID capturing the impact of the bilingual program on Science is negative
and significantly different from zero. The bilingual school program has no significant effect on
either of the two subjects instructed in Spanish. The results show a similar magnitude to the
estimates obtained by Anghel, Cabrales and Carro (2015) in their study evaluating the bilingual
program in Madrid for the first two bilingual cohorts in the years 2009 and 2010.

5.2 Indices Built from Individual Questions

The model used to estimate the average effect of the bilingual program in students’ performance
on indices built with specific questions is given by equation (2) for t = {2013, 2015}:

Yist = ηs + θt + γDID(Dt ×MCBs) + δ′Xist + uist (2)

Where γDID is the parameter of interest capturing the effect of the bilingual policy on students’
grades. Table 4 displays the summary statistic for the treatment and control groups. Table 5
displays the estimation results of equation (2). The estimated effect is negative and significant
if we consider the index constructed using only questions with a content match in both years.
The results are also negative and significant if we use the index excluding vocabulary intense
questions or Geography questions. The findings show no significant effect on vocabulary intensive
questions.
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Table 4: Question Specific Refinement Summary Statistics for t = {2013, 2015}

Mean / (SD) 2013 2015
Treatment Control Treatment Control

Science 8.032 7.804 6.141 6.135
(1.842) (1.983) (2.316) (2.403)

Common 6.990 6.649 6.594 6.527
(2.539) (2.661) (2.391) (2.506)

No Vocabulary 7.156 6.811 6.072 6.091
(2.660) (2.786) (2.779) (2.844)

Geography 8.892 8.677 5.037 5.199
(1.941) (2.134) (3.156) (3.213)

Vocabulary 6.491 6.162 8.157 7.835
(3.802) (3.904) (2.932) (3.195)

Female 0.475 0.494 0.482 0.491
(0.499) (0.500) (0.500) (0.500)

Spanish 0.931 0.893 0.955 0.919
(0.254) (0.309) (0.208) (0.273)

Age 12.099 12.145 12.081 12.133
(0.309) (0.365) (0.294) (0.355)

Observations 6,128 46,585 6,618 48,785

Table 5: Equation (2) Estimation Results for t = {2013, 2015}

Year 2013-2015 Science Common No Vocabulary Geography Vocabulary

Diff-in-Diff -0.239∗∗ -0.276∗∗∗ -0.367∗∗∗ -0.375∗∗ -0.001
(0.102) (0.096) (0.110) (0.149) (0.150)

Female -0.086∗∗∗ -0.219∗∗∗ -0.221∗∗∗ -0.594∗∗∗ -0.213∗∗∗
(0.014) (0.016) (0.018) (0.018) (0.022)

Spanish 0.306∗∗∗ 0.458∗∗∗ 0.291∗∗∗ 0.277∗∗∗ 0.961∗∗∗
(0.031) (0.034) (0.036) (0.036) (0.049)

Age -1.817∗∗∗ -2.009∗∗∗ -2.108∗∗∗ -1.634∗∗∗ -1.712∗∗∗
(0.025) (0.028) (0.030) (0.030) (0.037)

Constant 29.658∗∗∗ 30.774∗∗∗ 32.288∗∗∗ 28.583∗∗∗ 26.233∗∗∗
(0.311) (0.340) (0.372) (0.363) (0.462)

Observations 105,668 105,668 105,668 105,668 105,668
Adjusted R-squared 0.338 0.243 0.245 0.441 0.176

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

5.3 Distributional Effect on Science

The model used for the estimation of the distributional effects of the bilingual program on the
students’ performance on Science is given by equation (4):

αst(τ) = ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + ust(τ) (4)

13



The descriptive statistics for the treatment and control groups can be found in Table (2).
Table (6) shows the estimation results for the years 2013-2015. The estimation of the parameter
of interest ψ(τ) capturing the impact of the bilingual program on Science is found to be stronger
around the median. The estimated effects are negative and significantly for the 0.3, 0.4, 0.5 and
0.6 quantiles. An extended version of this table is provided in Table 24. Moreover, a graphical
representation of the results can be found in Figure (1). The magnitude of the estimates can no
longer be read in the units of the grade as it was the case for the average treatment effects. The
average treatment effect calculated in Section 5 was −0.233 and the average treatment effect
calculated through the 2 step method is −6.082. Using a back-of-the-envelope calculation, we
could approximate this magnitude in terms of the exam grade to be −0.331 points less on the
0-10 exam grade scale.

The estimation results for δ′(τ) indicate peer effects at the school level coming from the
proportion of Spanish students in class. The peer effect results are similar to the ones obtained
by Silaghi (2011) using data also from the CDI standardized test14. The proportion of Spanish
students in the school is found to have a positive and significant effect on student performance.

Table 6: Equation (4) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Science
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff -2.987 -7.606∗ -8.650∗∗ -4.232 -3.742
(4.777) (4.127) (3.555) (3.845) (4.139)

Female 1.725 -7.483 -4.106 -9.599 9.337
(10.600) (9.091) (8.522) (9.158) (10.821)

Spanish 13.962 29.566∗∗ 28.287∗∗∗ 27.234∗∗ 24.723∗∗
(14.576) (12.173) (10.356) (12.684) (12.505)

Age 54.948∗∗∗ 25.480∗∗ 16.396 16.052 -6.657
(14.708) (12.815) (12.407) (13.208) (15.183)

Constant -657.986∗∗∗ -304.749∗ -195.356 -188.293 80.324
(181.683) (158.725) (153.888) (163.457) (188.381)

Observations 2,247 2,247 2,247 2,247 2,247
Adjusted R-squared 0.147 0.080 0.093 0.062 0.090

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

6 Conclusions

In this section, the conclusions drawn from the results displayed in Section 5 are presented.
First, the interpretation of the estimates are provided. Second, comments on the limitations
this analysis faces are explained. Finally, policy recommendations which would be helpful to
facilitate the evaluation of this educational policy are provided.

14Silaghi (2011) finds evidence of a negative and significant impact of the fraction of immigrants in schools on
the academic achievement of native pupils.
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6.1 Main Results

The estimated average effects show that there is statistical evidence that the bilingual program
has a negative and significant impact on the performance of students in the subjects instructed in
English. The same models show no significant effect on the two subjects instructed in Spanish.
These results are robust to falsification tests, different time periods, different treatment and
control groups and different specifications as shown in Section 7.1.

The indices built using question specific data display an effect not significantly different from
zero for vocabulary-intense questions while the effect is negative and significant for the rest of
indices, including Geography. Thus, there is statistical evidence that the negative and significant
effect found in Science does not respond to students lacking content specific vocabulary in Spanish
but rather a small but significant lack of content knowledge.

The negative effect found in Science is found to be driven by the distribution of students
around the median with a lower effect at the tails of the distribution. The distributional results
are robust to alternative specifications as shown in Section 7.2. Additionally, Section 7.3 includes
a non-linear model specification.

6.2 Limitations

6.2.1 Student Selection Bias

In Section 4.2 the identification strategy followed to estimate the causal effect of interest was
described. Exploiting the cohort dimension of the data set for different years, school fixed
effects are included to capture unobservable time-invariant school-level characteristics. This
identification controls for the self-selection of schools into the program but does not address
student/parent self-selection fully. It would address this selection bias as long as there is not
much variation in average school-level socioeconomic characteristics.

Regarding student/parent selection bias, there are at least two potential channels through
which student self-selection might be biasing the estimation. On the one hand, parents with
better socio-economic background may have more flexibility in terms of mobility or devote more
time to carefully choose their children school. By strategically choosing their residence location
across the city, highly educated parents could systematically be changing residence prior to
pre-school years in order for their children to have better chances to attend a specific type of
public school. The specification with school fixed effects controls for this selection bias as long
as the average parent’s socio-economic characteristics in each school do not vary much between
2015 and 2013 in response to the bilingual program implementation. On the other hand, there
could be student transfers throughout the 6 years of bilingual primary education induced by the
program itself biasing our results. If students in bilingual schools with low academic performance
systematically move to non-bilingual schools to avoid the increased difficulty of learning in a
foreign language then our estimates could be biased upwards and the estimated effect could in
fact be more negative. In Section 7.1.2, a robustness check excluding repeaters is conducted in
order to account for this effect. By doing so, I am only able to control for those students who,
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driven by very low academic performance, may transfer to a non-bilingual school when they have
to retake an academic year. However, I do not control for low performers who are not doing bad
enough to retake an academic year but who might decide to transfer to a non-bilingual school
to avoid the increased difficulty.

6.2.2 What is the estimated effect on Science measuring?

The CDI standardized test is undertaken in Spanish regardless of the school the students attend.
For this reason, the negative effect found in Science may not reflect the cognitive ability of
students but the fact that the students do not know the Spanish translation of the concepts
they are instructed in English. Thus, what does the estimated effect measure? “Knowledge”
or “Knowledge in Spanish”? To answer this question, several indices were constructed using
question specific data in Section 4.3.2. Although the results show some evidence that vocabulary
in a foreign language does not seem to be driving the results, the unsophisticated indices used
to measure these subtle aspects are far from being satisfactory.

6.2.3 Teaching Practices

It can be argued that results from standardized test might capture different types of student
cognitive ability. One concern could be that the change in teaching practices induced by bilin-
gual programs could lower standardized test performance while having a non-significant or even
positive impact on student cognitive ability. Consider the following two teaching practices:
traditional and modern teaching practices. Traditional teaching practices rely on lectures and
repetitive practice for student learning. However, since the 20th century there have been several
movements towards a more student-centered educational approach where teamwork and discus-
sion among students are given a lot of importance. Modern teaching practices encompass the
latter. Traditional teaching practices have been associated with better performance in stan-
dardized tests (Lavy, 2015; Schwerdt and Wuppermann, 2011). Alternatively, modern teaching
practices have been associated with smaller or even negative impact on standardized test perfor-
mance (Lavy (2015), Murnane and Phillips (1981) and Goldhaber and Brewer (1997)). Beyond
the performance in standardized tests, the impact of teaching practices on student’s congitive
ability has been studied in Bietenbeck (2014).

The bilingual program in Madrid provides native English speakers as teaching assistants for
those classes instructed in English. The introduction of teaching assistants into the classroom
could potentially be inducing a shift from traditional to modern teaching practices. Controlling
for such change can be crucial in order to assess the real impact of the bilingual program on the
student knowledge in English-instructed subjects.

6.2.4 External Validity and Teacher Quality

The main disadvantage for the treatment effects approach is that the estimated parameters are
not deep-parameters (they are reduced-forms) and as a result they are not policy-invariant (Lu-
cas (1976); Heckman and Vytlacil (2005)). More importantly, the results obtained might be an
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indication of the potential impact of the policy but the subsequent extension of the program
might bring unwanted and unexpected results not predicted by the quasi-experimental research.
To illustrate this phenomenon, one good example is the potential student achievement gains
from smaller class size. The benefits of the class-size reduction programs (CSR) have been
well documented over the past two decades (Angrist and Lavy (1997); Krueger and Whitmore
(2001); Krueger (2003)). As a result of the positive and promising estimates obtained by a num-
ber of experimental and quasi-experimental studies, national-wide CSR programs were adopted
throughout the United States in 2005. Surprisingly, the follow-up studies of the effect of these
policies once extended show mixed results which vary from negative to short-comings of what
the former small scale studies had suggested. One possible explanation for these discouraging
results was provided by Dieterle (2015). In order to comply with the reduced class size, schools
had to hire more teachers. Once the program was adopted on a national basis, the scarcity of
teachers led to a decrease in the average quality of teachers. One can think of schools being
forced not to fire bad teachers as there were simply no replacements available due to the high
demand for teachers on a national level. Thus, the decreased quality of the pool of teachers led
to unwanted policy effects which contradicted the original quasi-experimental research.

As the bilingual program expands including more and more schools, some general equilibrium
effects might undermine the success of the program. As the demand for English speaking teachers
increases, less experienced teachers qualified for English might displace older and otherwise better
teachers. This example illustrates a situation where worse student performance in English-
instructed content would arise not because of the increased difficulty of the instruction but due
to the change in teacher quality.

In conclusion, this paper shows the estimates for a specific policy in a particular region of
Spain. The potential effects of the same policy in a different region or a slightly different policy
in the same region cannot be directly drawn from this study without taking into consideration
new confounding factors. Nonetheless, this study sheds some light into the possible effects of
this type of policy and shows results which can help design policy recommendations to improve
the existing situation.

6.3 Policy Recommendations

Some of the limitations presented in Section 6.2 could have been avoided by following a different
program implementation and better data collection.

6.3.1 Program Implementation

The implementation of the program could include a randomization wave conditional on observable
characteristics for every school accepted into the program. The Regional Ministry of Education
of Madrid includes newly qualified schools into the program yearly. Instead of simply accepting
every qualified school into the bilingual program, 50% of the eligible schools could be accepted
while the remaining 50% would be on hold until the next academic year. This way, suitable
treatment and control groups could be formed by a researcher to estimate the causal effect of
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interest without the noise induced by student and school self-selection.

6.3.2 External Evaluations

Students in the bilingual program have their English skills assessed by external evaluations.
Nevertheless, the external evaluation is only conducted in those schools participating in the
bilingual program. The researcher needs to be provided with suitable control groups to properly
measure the impact of the bilingual program on English. Otherwise, measuring the English
improvement of students is not possible in a quasi-experimental context. Thus, an external
evaluation for the English skills of those students not under the bilingual program is required to
identify the causal effect of interest.

In Section 5.2 it was argued that the negative effect found in Science could be driven by
a lack of Spanish vocabulary rather than a lack of content knowledge. The results provided
evidence that the negative effect was not driven by the lack of Spanish vocabulary. Nevertheless,
the question of “Knowledge” vis-a-vis “Knowledge in Spanish” could be better addressed with a
well-designed standardized test adequate to distinguish between the two potential causes.

7 Robustness Checks

In this section, robustness checks for the results exposed in Section 5 are delivered. I will
first focus on the average effect showing that the results hold under different treatment and
control groups and alternative specifications. Secondly, I will provide an additional check for the
distributional effects on Science.

7.1 Average Effect on Mathematics, Language and Science

In this section robustness checks corresponding to the average effect estimation corresponding to
Section 4.3.1 are conducted.

7.1.1 Falsification Tests

In this section, the results from three different falsification tests are presented. These falsification
tests will consist on running the same regressions with the same treatment and control groups
but for years when the treatment schools were not yet under the bilingual program. Recall
that the average treatment effect of the bilingual program on Science was found negative and
significant effect. In Table 3 the effect estimated through equation 2 for the years 2013-2015 was
displayed. The treatment schools were those schools which were under the bilingual program
in 2015 but non-bilingual in 2013. Table 7 displays the estimation results of equation 2 for
the same treatment and control schools but for the years 2011-2013, 2010-2011 and 2009-2010.
During these time periods, the treatment schools were still not under the bilingual program.
The estimated coefficient for the three tests is not significantly different from zero. This results
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provides evidence that the results obtained in Section 5 are not driven by special features of the
specific years in which the analysis is conducted.

Table 7: Falsification Tests - Equation (2) Estimation Results

Dependent Variable: Science

Year 2011-2013 2010-2011 2009-2010

Diff-in-Diff -0.065 -0.017 0.112
(0.093) (0.109) (0.149)

Female -0.277∗∗∗ 0.034∗∗ -0.028
(0.013) (0.017) (0.019)

Spanish 0.414∗∗∗ 0.839∗∗∗ 0.903∗∗∗
(0.031) (0.036) (0.030)

Age -1.537∗∗∗ -0.226∗∗∗ -0.206∗∗∗
(0.024) (0.061) (0.054)

Constant 24.137∗∗∗ 8.814∗∗∗ 6.717∗∗∗
(0.297) (0.753) (0.662)

Observations 101,419 96,122 94,515
Adjusted R-squared 0.440 0.231 0.268

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.1.2 Excluding Repeaters

Students in bilingual schools with a low academic performance could systematically move to non-
bilingual schools to avoid the increased difficulty of learning in a foreign language. In particular,
students who decide to transfer to a different school when they need to retake an academic year
due to low academic performance. Using the same specification given by equation (2) and the
same treatment and control schools, I exclude students older than 12 from the analysis. The
descriptive statistics for the modified groups can be found in 8. Table 9 displays the estimation
results given by equation (2) excluding students older than 12. The findings show a negative
and significant effect of the bilingual program on the performance of students in Science. The
magnitude of this effect is very similar to the one obtained in Section 5.

19



Table 8: Descriptive Statistics - 2013 & 2015 - Excluding Repeaters

Mean / (SD) 2013 2015
Treatment Control Treatment Control

Mathematics 7.353 7.122 7.392 7.147
(2.074) (2.161) (2.385) (2.474)

Language 8.247 8.125 7.857 7.796
(1.623) (1.698) (1.599) (1.722)

Science 8.460 8.311 6.315 6.430
(1.487) (1.577) (2.234) (2.260)

Female 0.483 0.506 0.486 0.500
(0.500) (0.500) (0.500) (0.500)

Spanish 0.948 0.923 0.966 0.940
(0.223) (0.266) (0.182) (0.237)

Observations 5,493 39,533 6,018 41,949

Table 9: Equation (2) Estimation Results for t = {2013, 2015} Excluding Repeaters

Year 2013-2015 Mathematics Language Science

Diff-in-Diff 0.027 -0.065 -0.270∗∗∗
(0.080) (0.062) (0.095)

Female -0.288∗∗∗ 0.143∗∗∗ -0.312∗∗∗
(0.015) (0.012) (0.014)

Spanish 0.347∗∗∗ 0.437∗∗∗ 0.508∗∗∗
(0.037) (0.031) (0.032)

Constant 6.975∗∗∗ 7.663∗∗∗ 8.014∗∗∗
(0.038) (0.031) (0.035)

Observations 92,161 92,147 92,147
Adjusted R-squared 0.161 0.133 0.334

Standard Errors Clustered at the School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.1.3 Using only bilingual schools

Non-bilingual schools could be intrinsically different from bilingual schools and therefore, not
a good control group even when controlling for covariates. In this section, I use the same
specification given by equation (2) and the same treatment schools. However, the control schools
are only those non-bilingual schools that joined the program after 2010. Recall that when a
school joins the bilingual program, it takes 5 years for its first bilingual cohort to sit the CDI
exam in 6th grade. For example, the bilingual schools in 2015 are the bilingual schools with a
bilingual cohort in the 2015 CDI exam. The descriptive statistics for the modified groups can
be found in 10. Table 11 displays the estimation results given by equation (2) using only future
bilingual schools as controls. The findings show a negative and significant effect of the bilingual
program on the performance of students in Science. The magnitude of this effect is very similar
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to the one obtained in Section 5.

Table 10: Descriptive Statistics t = {2013, 2015} Using only bilingual schools

Mean / (SD) 2013 2015
Treatment Control Treatment Control

Mathematics 7.097 6.878 7.179 6.959
(2.260) (2.325) (2.521) (2.581)

Language 8.032 7.937 7.707 7.633
(1.842) (1.848) (1.741) (1.843)

Science 8.273 8.162 6.141 6.236
(1.658) (1.691) (2.316) (2.338)

Female 0.475 0.498 0.482 0.499
(0.499) (0.500) (0.500) (0.500)

Spanish 0.931 0.913 0.955 0.929
(0.254) (0.282) (0.208) (0.258)

Age 12.099 12.124 12.081 12.107
(0.309) (0.344) (0.294) (0.325)

Observations 6,128 11,787 6,618 12,930

Table 11: Equation (2) Estimation Results for t = {2013, 2015} Using only bilingual schools

Year 2013-2015 Mathematics Language Science

Diff-in-Diff -0.002 -0.044 -0.234∗∗
(0.095) (0.071) (0.112)

Female -0.292∗∗∗ 0.178∗∗∗ -0.301∗∗∗
(0.025) (0.020) (0.023)

Spanish 0.221∗∗∗ 0.405∗∗∗ 0.440∗∗∗
(0.060) (0.056) (0.053)

Age -2.070∗∗∗ -1.621∗∗∗ -1.616∗∗∗
(0.051) (0.041) (0.040)

Constant 31.967∗∗∗ 27.144∗∗∗ 27.510∗∗∗
(0.628) (0.495) (0.491)

Observations 36,797 36,795 36,795
Adjusted R-squared 0.223 0.207 0.381

Standard Errors Clustered at the School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.1.4 Same Model using data from 2011 and 2013

In this section, the estimation results of the same model used in Section 4.3.1 are presented
but using data from 2011 and 2013. With this test, we want to see if the estimated effect
corresponds only to the very specific treatment schools considered in the previous model. The
treatment schools will be those schools under the bilingual program in 2013 but which were
non-bilingual in 2011. The control schools will be the rest of non-bilingual schools in 2013. The
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descriptive statistics for the modified groups can be found in 2. Table 13 displays the estimation
results given by equation (2). The findings show a negative and significant effect of the bilingual
program on the performance of students in Science. The magnitude of this effect is very similar
to the one obtained in Section 5.

Table 12: Descriptive Statistics - 2011 & 2013

Mean / (SD) 2011 2013
Treatment Control Treatment Control

Mathematics 5.828 5.903 6.799 6.800
(3.019) (2.943) (2.403) (2.386)

Language 7.409 7.570 7.834 7.830
(2.541) (2.510) (1.921) (1.969)

Science 5.567 5.525 7.890 8.061
(2.605) (2.496) (1.858) (1.795)

Female 0.481 0.490 0.489 0.492
(0.500) (0.500) (0.500) (0.500)

Spanish 0.900 0.926 0.882 0.897
(0.300) (0.262) (0.323) (0.304)

Age 12.188 12.150 12.139 12.140
(0.431) (0.382) (0.357) (0.359)

Observations 2,804 52,003 2,838 52,716

Table 13: Estimation Results of Equation (2) for t = {2011, 2013}

Year 2011-2013 Mathematics Language Science

Diff-in-Diff 0.023 0.112 -0.259∗∗
(0.133) (0.091) (0.127)

Female -0.289∗∗∗ 0.257∗∗∗ -0.281∗∗∗
(0.015) (0.012) (0.012)

Spanish 0.111∗∗∗ 0.272∗∗∗ 0.433∗∗∗
(0.036) (0.031) (0.031)

Age -2.065∗∗∗ -1.821∗∗∗ -1.541∗∗∗
(0.029) (0.026) (0.023)

Constant 31.226∗∗∗ 29.555∗∗∗ 24.177∗∗∗
(0.362) (0.313) (0.286)

Observations 106,906 106,913 106,913
Adjusted R-squared 0.275 0.258 0.437

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.1.5 Alternative Specification

In this section, a twofold robustness check is conducted. On the one hand, an alternative spec-
ification to to the one given by equation (2) is provided. Additionally, the estimation results
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of this specification for the years 2013 and 2011 is presented. The specification chosen is the
one used by Anghel, Cabrales and Carro (2015) in their evaluation of the bilingual program
of Madrid for the years 2009-2010 and 2010-2011. The treatment group is constituted by the
bilingual schools that were bilingual in 2015 but not in 2013. The control group is constituted
by the non-bilingual schools. The descriptive statistics for treatment and control schools can be
found in Tables (12) and (2) for the years t = {2011, 2013} and t = {2013, 2015} respectively.
Consider the new specification:

Yijt = β0 + β1MCBj + β2Dt + τDID(Dt ×MCBj) + δ′Xijt + uijt (5)

Where Yijt is the CDI exam grade, MCBj is a treatment school dummy, Dt is a year dummy
and Xijt are student-level covariates. Tables (14) and (15) display the estimation results for
equation (5) for the years t = {2011, 2013} and t = {2013, 2015} respectively.

The findings show a negative and significant effect of the bilingual program on the performance
of students in Science. The magnitude of this effect is very similar to the one obtained in Section
5.

Table 14: Equation (5) Estimation Results for t = {2011, 2013}

Year 2011-2013 Mathematics Language Science

Diff-in-Diff -0.011 0.090 -0.288∗∗
(0.136) (0.089) (0.125)

Bilingual School Dummy 0.017 -0.074 0.126
(0.150) (0.090) (0.132)

Year Dummy 0.700∗∗∗ 0.013 2.360∗∗∗
(0.031) (0.022) (0.030)

Female -0.292∗∗∗ 0.261∗∗∗ -0.269∗∗∗
(0.020) (0.015) (0.017)

Spanish 0.511∗∗∗ 0.604∗∗∗ 0.677∗∗∗
(0.047) (0.038) (0.039)

Age -2.353∗∗∗ -2.041∗∗∗ -1.741∗∗∗
(0.035) (0.030) (0.027)

Constant 34.348∗∗∗ 31.927∗∗∗ 26.364∗∗∗
(0.428) (0.366) (0.337)

Observations 106,906 106,913 106,913
R-squared 0.142 0.161 0.334

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%
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Table 15: Equation (5) Estimation Results for t = {2013, 2015}

Year 2013-2015 Mathematics Language Science

Diff-in-Diff 0.035 -0.061 -0.237∗∗
(0.083) (0.065) (0.098)

Bilingual School Dummy 0.200∗∗ 0.122∗∗ 0.123∗
(0.088) (0.062) (0.065)

Year Dummy -0.003 -0.320∗∗∗ -1.946∗∗∗
(0.031) (0.021) (0.032)

Female -0.289∗∗∗ 0.185∗∗∗ -0.306∗∗∗
(0.021) (0.015) (0.018)

Spanish 0.436∗∗∗ 0.557∗∗∗ 0.564∗∗∗
(0.042) (0.034) (0.036)

Age -2.377∗∗∗ -1.925∗∗∗ -1.906∗∗∗
(0.034) (0.030) (0.029)

Constant 35.380∗∗∗ 30.594∗∗∗ 30.832∗∗∗
(0.417) (0.366) (0.352)

Observations 105,684 105,668 105,668
R-squared 0.120 0.147 0.269

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.2 Distributional Effects

In this section, robustness checks for the distributional effect estimation corresponding to Section
4.3.3 are conducted.

7.2.1 Distributional Effects on Mathematics and Language

In this section, the distributional effects estimated for Mathematics and Language are presented.
Throughout the paper, these two Spanish-instructed subjects served as controls for the effect
estimated in Science, English-instructed. The distributional effects estimated for Mathematics
and Language can be found in Tables 16 and 17 respectively. Section 8.2 displays Tables 22
and 23 which are the extended version of Tables 16 and 17 including more quantiles. None of
the estimated coefficients are significantly different from zero for those subjects instructed in
Spanish. A graphical representation of the estimated distributional effects for Mathematics and
Language can be found in Figures (2) and (3) respectively.
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Table 16: Equation (4) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Mathematics
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff -1.605 -0.741 -1.077 -4.502 -5.957
(5.109) (5.098) (4.501) (4.758) (5.072)

Female 5.420 -0.523 1.275 4.858 4.268
(12.262) (11.497) (10.968) (10.813) (11.703)

Spanish 13.777 30.267∗∗ 32.728∗∗ 32.643∗∗ 40.081∗∗∗
(16.433) (14.651) (14.151) (14.544) (15.178)

Age 55.072∗∗∗ 41.062∗∗∗ 16.629 15.098 -4.280
(14.465) (13.274) (13.014) (13.085) (14.481)

Constant -660.030∗∗∗ -493.419∗∗∗ -198.302 -182.364 47.892
(179.637) (165.923) (162.223) (164.044) (181.329)

Observations 2,247 2,247 2,247 2,247 2,247
Adjusted R-squared 0.086 0.108 0.105 0.100 0.127

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

Table 17: Equation (4) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Language
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff 0.201 -2.230 -4.159 -1.475 -2.585
(5.170) (4.815) (3.912) (3.678) (4.108)

Female -3.758 -4.761 -6.679 -4.356 3.230
(11.962) (10.418) (9.331) (8.807) (9.857)

Spanish 16.154 23.590∗ 14.080 12.518 8.392
(16.317) (13.756) (11.431) (10.681) (10.913)

Age 54.737∗∗∗ 23.446∗ 7.454 4.729 -19.516
(17.247) (13.136) (12.387) (11.127) (12.369)

Constant -651.663∗∗∗ -272.398∗ -69.238 -38.045 255.733∗
(212.091) (161.003) (153.533) (138.183) (153.099)

Observations 2,247 2,247 2,247 2,247 2,247
Adjusted R-squared 0.102 0.086 0.071 0.068 0.051

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

7.3 Distributional Effects - Non-Linear Model

In this Section, a modified version of the model utilized to estimate the distributional effects
is presented. The distributional analysis is addressing the heterogeneous effect of the policy
across the distribution of student ability. However, while the effect could be argued to be linear
around the median, it is likely to be non-linear at the tails of the distribution. Namely, as we are
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measuring the impact of the increased difficulty on students performance, we expect the effect
not to be properly captured by a regular 0 to 10 scale because low performing children cannot
obtain a grade below zero!

7.3.1 Understanding the Model Differently

In Section 7.2, the 2 step methodology to estimate the distributional effects was introduced. The
second step was understood to provide the effect of the school-level policy on the quantile net of
observable student-level characteristics. In other words, the parameter of interest was capturing
the variation in student grades which could not be explained by student individual character-
istics at each school. As the dependent variable was not simply an exam grade, the estimated
effect provides point estimates hard to understand beyond the back of the envelope calculation
mentioned. However, we can also see that the model implied by the 2 step methodology is the
following:

Qτyist = β′st(τ)xist + ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + uist(τ) (6)

Where xist are student level covariates, ηs is the school fixed effect, θt(τ) is the year fixed
effect, MCBs is a treatment school dummy, Dt is a year dummy and Xst are observable school
characteristics. ψ(τ) is the parameter of interest measuring the impact of the bilingual policy on
students’ grades for each quantile τ .

As only xist and the dependent variable are on a student level, the first step consisted on
estimating β̂′st using the within school distribution of students. Then, the second step consisted
in running a school level regression to estimate the effect of the policy for each student quantile.
More precisely, α̂s(τ) was regressed on school level characteristics to capture the effect of the
policy on student performance for the different quantiles net of the individual covariates15. If we
clear for Qs

yist
we have the implied model given by equation 6.

7.3.2 Model with transformed dependent variable

So far, the grade obtained in Science could take any value from 0 to 10. The transformation
applied to this test score is the following:

ỹist = log
(

yist
10− yist

)
⇐⇒ yist = 10 · eỹist

1 + eỹist
⇐⇒ yist = 10 · Λ(ỹist)

Step 1: As in the previous model, quantile regressions within each school are performed to
estimate the effect of micro-level covariates on individual student outcomes.

Qs
τ (ỹit) = β′s(τ)xit + αs(τ) + ε(τ) (7)

15Where α̂s(τ) =
1
Ns

∑
i

(
Qτyist − β′

st(τ)xist
)
. Ns is the number of students in school s
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Where Qs
τ (ỹit) is the τ th conditional quantile of ỹit in school s, ỹit is the transformed student

grade in school s which is given by the CDI grade in Mathematics, Language or Science. xit are
student level covariates including age and dummies for gender and Spanish nationality.

Step 2: As in the previous model, α̂s(τ) is regressed on school level covariates. The regression
estimated in step 2 is given by:

α̂s(τ) = ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + uist(τ)

Which is equivalent to:

Qτ ỹist = β′st(τ) xist + ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + uist(τ) (8)

Where xist are student level covariates, ηs is the school fixed effect, θt(τ) is the year fixed
effect, MCBs is a treatment school dummy, Dt is a year dummy and Xst are observable school
characteristics. ψ(τ) is the parameter of interest measuring the impact of the bilingual policy
on students’ transformed grades for each quantile τ . Qτ ỹist is the τth quantile of ỹist, the
transformed student grade.

Provided that the quantile function allows us to do the following:

log
(

Qτ (z)
10−Qτ (z)

)
= Qτ

(
log
(

z

10− z

))
(9)

. It can be shown that:

Qτ (yist) = 10 · Λ(Qτ (ỹist))

Step 3: To recover the impact of the policy on the original grade scale we can rewrite
equation 8 in terms of the original dependent variable with the following equation:

Qτyist = 10 · Λ
(
β′st(τ)xist + ηs(τ) + θt(τ) + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + uist(τ)

)
(10)

The impact of the policy on the original variable is given by:

∂Qτ (ys)
∂DiD

=
∂
(
10 · Λ(Qτ (ỹs))

)
∂DiD

= 10 · ψ(τ) 1
S

∑
s

Λ′(Qτ (ỹs)) (11)

Where S is the number of schools and ψ(τ) is the parameter of interest estimated by equation
8. In other words, ψ(τ) is the effect of the policy on the transformed variable ỹs

7.3.3 Results

In this section, the estimation results of the model described in Section 7.3.2 are presented.
First, the estimation results corresponding to step 2 will be provided. Then, the estimation
results corresponding to equation 11 will be presented.
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Step 2 - Estimation Results

The descriptive statistics for the treatment and control groups can be found in Table (2). Table
(18) shows the estimation results for the years 2013-2015. The estimation of the parameter
of interest ψ(τ) capturing the impact of the bilingual program on the transformed variable of
Science is found to be negative and significant for all quantiles but 0.1. An extended version of
these results, including all deciles, can be found in Table 24.

Table 18: Equation (8) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Science
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff -1.110 -4.515∗∗∗ -5.386∗∗∗ -4.191∗∗ -5.989∗∗
(1.888) (1.476) (1.435) (1.805) (2.479)

Female 1.384 -1.504 -5.731∗ -7.100∗ 0.800
(4.702) (3.722) (3.464) (4.195) (5.774)

Spanish 10.299 15.882∗∗∗ 16.045∗∗∗ 12.900∗∗ 13.776∗∗
(6.474) (5.042) (5.151) (6.040) (6.474)

Age 28.275∗∗∗ 11.529∗ 9.414∗ 5.798 -3.930
(6.739) (5.920) (5.083) (6.064) (7.602)

Constant -344.473∗∗∗ -141.845∗ -112.047∗ -61.045 57.953
(83.839) (73.382) (63.178) (75.784) (94.976)

Observations 2,247 2,247 2,247 2,247 2,247
Adjusted R-squared 0.151 0.067 0.049 0.025 0.056

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%

Step 3 - Estimation Results

The estimation results for equation 11 are displayed in Table 19. The estimated effects are
negative and significantly for all quantiles but 0.1. The findings show a negative and significant
effect of the bilingual program on the performance of students in Science. The magnitude of this
effect is very similar to the one obtained in Section 5.

Table 19: Equation (8) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Science
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff -2.316 -9.073∗∗∗ -9.265∗∗∗ -5.495∗∗∗ -4.600∗
(1.888) (1.476) (1.435) (1.805) (2.479)

Observations 2,247 2,247 2,247 2,247 2,247
Adjusted R-squared 0.151 0.067 0.049 0.025 0.056

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%
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7.3.4 Distributional Effects on Science - Alternative Specification

In this section, an alternative specification for the second step of the methodology presented in
Section 4.3.3 is shown. Consider the alternative specification:

αst(τ) = β0(τ) + β1(τ)Dt + β2(τ)MCBs + ψ(τ)(Dt ×MCBs) + δ′(τ)Xst + ust(τ) (12)

Where MCBs is a Treatment School Dummy, Dt is a Year Dummy and Xst are observable school
characteristics. ψ(τ) is the parameter of interest measuring the impact of the bilingual policy on
students’ grades for each quantile τ .

Table (20) shows the estimation results of equation (12). The negative impact of the bilingual
program on the students’ performance on Science is concentrated around the median while no
significant effect is found in the tails of the distribution. The findings show a negative and signif-
icant effect of the bilingual program on the performance of students in Science. The magnitude
of this effect is very similar to the one obtained in Section 5.

Table 20: Equation (12) Estimation Results for t = {2013, 2015}

Year 2013-2015 Dependent Variable: Science
τ = 0.1 τ = 0.3 τ = 0.5 τ = 0.7 τ = 0.9

Diff-in-Diff -2.734 -7.294∗∗ -8.311∗∗∗ -4.153 -3.105
(3.324) (2.879) (2.477) (2.676) (2.934)

Bilingual School Dummy 0.721 3.848∗∗ 3.704∗∗ 2.607 2.185
(2.103) (1.803) (1.525) (1.609) (1.589)

Year Dummy -6.810∗∗∗ -2.404∗∗∗ 1.265 4.070∗∗∗ 7.451∗∗∗
(0.949) (0.829) (0.777) (0.819) (0.921)

Female -3.798 -6.081 -3.963 -4.201 3.086
(4.136) (3.894) (3.895) (3.939) (4.538)

Spanish 9.588∗ 12.369∗∗∗ 9.158∗∗ 8.010∗ 6.148
(5.275) (4.454) (4.185) (4.118) (4.144)

Age 39.601∗∗∗ 17.557∗∗∗ 12.448∗∗ 5.388 -13.146∗∗∗
(6.772) (5.487) (5.380) (4.838) (4.711)

Constant -464.690∗∗∗ -194.342∗∗∗ -130.999∗ -44.747 178.278∗∗∗
(85.810) (69.658) (68.143) (61.439) (59.610)

Observations 2,247 2,247 2,247 2,247 2,247
R-squared 0.067 0.019 0.011 0.015 0.044

Standard Errors Clustered at School level
∗ 10%, ∗∗ 5%, ∗∗∗ 1%
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8 Appendix

8.1 Figures

Figure 1: Equation (4) Science Estimation Results for t = {2013, 2015}
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Figure 2: Equation (4) Mathematics Estimation Results for t = {2013, 2015}

Figure 3: Equation (4) Language Estimation Results for t = {2013, 2015}
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8.3 Geographical Distribution of Bilingual Schools in Madrid
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