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This observational study intends to estimate the causal eﬀects of an English as a Medium of Instruction (EMI)
program (as predictor) on students Grade Point Average (GPA) (as outcome) at a particular University in Spain
by using a Counterfactual Impact Evaluation (CIE). The need to address the crucial question of causal inferences
in EMI programs to produce credible evidences of successful interventions contrasts, however, with the absence
of experimental or quasi-experimental research and evaluation designs in the ﬁeld. CIE approach is emerging as
a methodologically viable solution to bridge that gap. The program evaluated here consisted in delivering an
EMI program in a Primary Education Teacher Training Degree group. After achieving balance on the observed
covariates and recreating a situation that would have been expected in a randomized experiment, three matching
approaches such as genetic matching, nearest neighbor matching and Coarsened Exact Matching were used to
analyze observational data from a total of 1288 undergraduate students, including both treatment and control
group. Results show unfavorable eﬀects of the bilingual group treatment condition. Potential interpretations and
recommendations are provided in order to strengthen future causal evidences of bilingual education programs’
eﬀectiveness in Higher Education.

1. Introduction
The development and practice of plurilingual education is one of the
priorities of the Council of Europe (De Wit, Hunter, Howard, & EgronPolak, 2015) and the implementation of eﬀective plurilingual education
models is an on-going empirical process facing signiﬁcant challenges at
the scientiﬁc, institutional and policy levels. In an environment of increased dominance of English as the language of communication in
research and education, and its use as a global lingua franca, there is a
need to stimulate bilingual and plurilingual learning and programs at
all educational levels including Higher Education (HE) in non-Anglophone countries (Bradford 2012; De Wit et al., 2015; Doiz,
Lasagabaster, & Sierra, 2013). Along this line, Higher Education Institutions (HEIs) are feeling the pressure to oﬀer students opportunities
for developing comprehensive bilingual, biliteracy, and cross-cultural
skills in their discipline of study (Bradford, 2012; Ramos-García, 2013;
Dafouz & Smit, 2016; Doiz et al., 2013 p. 217).
English-taught, English-medium instruction, bilingual degree
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programs, bilingual or plurilingual learning or bilingual Massive Open
Online Courses (MOOCs) are just a few examples reﬂecting how HEIs
are responding to such internationalization, globalization and marketization forces. Interestingly, authors like Dafouz and Camacho-Miñano
(2016) point to the need to analyze carefully potential conﬂicts between national diﬀerences in terms of language policies, implementation strategies or teaching traditions and that “Englishized” background. Furthermore, other authors like Dor (2004); Kirkpatrick (2011)
warn against the inimical eﬀects of the increasing role(s) English is
playing in HEIs on local language and scholarship written in the local
language in both Europe and Asia. This is the case for countries such as
South Korea (Kim, Son, & Sohn, 2009), China (Hu, Li, & Lei, 2014;
Johnstone, 2010) and Spain (Aguilar & Rodríguez, 2012; Dafouz &
Guerrini, 2009; Dafouz, Núñez, and Sancho, 2007; Dafouz, Núñez,
Sancho, and Foran, 2007; Doiz, Lasagabaster, & Sierra, 2011;
Fernández-Costales & González-Riaño, 2015; Fernández-Viciana &
Fernández-Costales, 2017; Ramos-García, 2013).
Additionally, in this certain rush to internationalize, there may be
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(ex-ante) diﬀerences between treatment group members and potential
controls that are likely to aﬀect the decision to participate (selection
bias) and the results (before-after bias) obtained (European
Commission, 2013). In this regard, CIEs-comparison of results to estimates of what would have occurred otherwise, provide the statistical
technique necessary to counteract these potential sources of bias.
According to Holland (1986) the counterfactual approach conceives
of two potential results when determining the eﬀect of our intervention
program on students. The ﬁrst result is the student academic performance subsequent to having taken part in the bilingual-EMI group. This
is the observed result for the student who receives the intervention. The
second potential result is this student’s performance had they not taken
part in the bilingual education program, all else (measured covariates)
being equal. In these circumstances this second result is referred to as
the counterfactual result. In reality we do not and cannot observe
counterfactuals results for individuals exposed to an intervention, because observing both outcomes for the same individual at the same time
is not possible (Caliendo & Kopeinig, 2008; Gordon, 2015). What is
done instead by using the matching approach is to estimate counterfactual results from selected individuals in the control group, assuming
that potential unobserved confounding variables will not bias the selection of controls from the large group of nonparticipants available,
who must be similar to the participants in all relevant pre-treatment
variables (European Commission, 2013). Conventional matching using
covariates can work well; however, as the number of covariates increases, it becomes diﬃcult to ﬁnd good matches for subjects in the
treatment group (Olmos & Govindasamy, 2015). For these cases, in
which conditioning on all relevant covariates is limited, the use of socalled balancing scores (i.e., functions of the relevant observed covariates like the propensity score) have been oﬀered as a solution
(Caliendo & Kopeinig, 2008). Some of the beneﬁts associated with the
use of this statistical technique (i.e., propensity scores) according to
Olmos and Govindasamy (2015) are: (a) Creating adequate counterfactuals when random assignment is infeasible or unethical; (b) The
development and use of propensity scores reduces the number of covariates needed to control for external variables (thus reducing its dimensionality) and increasing the chances of a match for every individual in the treatment group; (c) The development of a propensity
score is associated with the selection model, not with the outcomes
model, therefore the adjustments are independent of the outcome.
Noted in Thoemmes and Kim (2011), the propensity score is a
conditional probability which expresses how likely a participant is to be
assigned or to select the treatment condition given certain observed
baseline characteristics. In a propensity score analysis this conditional
probability is used to condition observed data, for example, through
matching or stratiﬁcation on the propensity score. The aim of conditioning on the propensity score is to achieve balance on the observed
covariates and recreate a situation that would have been expected in a
randomized experiment. Since the proliferation of propensity matching
approaches in the literature, methodologists suggested additional
matching methods to achieve appropriate balance between the quasiexperimental treatment and control groups (Diamond & Sekhon, 2015;
Iacus, King, & Porro, 2012).
Among the wide range of approaches to mimic randomization in CIE
to build a credible control group (without the use of randomization)
from existing non-participants groups and to estimate causal eﬀects
(Gordon, 2015; Hahs-Vaughn & Onwuegbuzie, 2006) matching
methods are experiencing a tremendous increase of interest in many
scientiﬁc areas including the social sciences (Thoemmes & Kim, 2011).
In our case three matching approaches have been compared: genetic
matching (Diamond & Sekhon, 2015), nearest neighbor matching on a
propensity score (Caliendo & Kopeinig, 2008; Hahs-Vaughn &
Onwuegbuzie, 2006; Harder, Stuart, & Anthony, 2010) and Coarsened
Exact Matching (CEM) (Iacus et al., 2012). The reason to run diﬀerent
matching methods has to do with identifying which one reaches a better
balance on the covariates for the treatment and control groups before

variability in the quality of student experience for an international
student (Dearden, 2014) but also for national and local students, which
threats mobility and quality two core elements of the Bologna Declaration (European Ministers in charge of Higher Education, 1999).
Interestingly, to protect quality and eﬀectiveness of the European
Higher Education Area, the Bologna process established the evaluation
plans and mechanisms necessary for the renewal of the accreditation of
the bachelor (monolingual) degrees (see Ministerio de Educación y
Ciencia, 2007), but not for bilingual degrees, which were not contemplated at that time as another actual short-term possibility, at least
in our country (Arco & Fernández, 2016; Ramos-García, Arco-Tirado,
Fernandez-Martín, & Villoria-Prieto, 2016). Coincidentally, 2010 was
both the deadline set for the Bologna process in Europe and the departing moments of several bilingual programs in Spain like for example the one we report here.
In this context, as a part of such accreditation renewal process,
coordination, monitoring and evaluation activities yield preliminary
positive evaluation results when comparing monolingual and bilingual
groups with very little percentage point diﬀerences in the four years
following-up period on key indicators and benchmarks (e.g., performance rate, success rate, GPA).
However, although apparently both intervention programs were
working eﬀectively in the case of more radical innovations such as EMI
provisions it was necessary the application of more complex research
designs and statistical techniques conducive to ﬁlter high-quality evidence of the EMI programs net impact eﬀects. Following Slavin (2008)
the need to establish a causal link between interventions and results
based on high-quality evaluation strategies and techniques is essential
for generating reliable evidence of what works. In this context, it is
surprising, however, that the signiﬁcant expansion of these programs
worldwide in tertiary education has not been accompanied yet by large
scale governmental eﬀorts to measure the scientiﬁc quality of the good
practices, promising practices, evidence-based practices, practice-based
evidence and/or any other type of EMI practice or program to inform
future evidence-based plurilingual higher education policies. This is
particularly important in this case of EMI programs due to the apparently contradictory abundance of net impacts results on key students
academic outcomes. In this regard, while many studies show that there
is a cost for the students’ GPA associated to this modality of delivering
the curriculum (Byun, Chu, Kim, Park, Kim, & Jung, 2011), other studies show the beneﬁts for students linked to this programs including a
transition period (Airey, 2009; Del Campo, Cancer, Pascual-Ezama, &
Urquía-Grande, 2015; Klaassen, 2001), while others show no eﬀects on
signiﬁcant academic variables for students (Dafouz, Camacho-Miñano,
& Urquía, 2014; Hellekjaer, 2008).
From the statistical decision theory perspective, the validity of such
diverse statistical conclusions depends on the probability of obtaining
Type I error (concluding that a treatment has an eﬀect when it does not)
or Type II error (failing to detect that a treatment has an eﬀect when the
true treatment eﬀect is nonzero) when making the statistical inferences.
So research eﬀorts should be aimed at, primarily, increasing Statistical
Power, that is, avoiding Type II error, a major threat to the statistical
conclusion validity of educational research studies (Shadish, Cook, &
Campbell, 2002).
1.1. The counterfactual impact evaluation (CIE) approach
Randomized Control Trial is the ideal way to study the net eﬀects of
educational programs or reforms, although these programs and reforms
rarely adopt ex-ante evaluation designs. That is the case of the evaluation studies of the EMI programs mentioned above and also the case
of the bilingual program analysed here. In all these cases regular expost comparisons are inadequate as students who chose an EMI program might be very diﬀerent from those who opt for monolingual
Degree programs. So, a highly convincing approach is needed, one
which devotes far more attention to methods accounting for potential
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1(=Unpaid workers) 2(=Non qualiﬁed workers), 3(=Qualiﬁed
workers in agriculture and ﬁshery), 4(=Qualiﬁed workers in industry,
construction, and miner), 5(=Qualiﬁed workers on services, hotels,
sales), 6(=Qualiﬁed in the Army), 7(=Administrative auxiliary),
8(=Technicians, support professionals of medium level), 9(=Technicians and professionals of high level with or without university studies),
and 10(=Directors and Managers of public administration enterprises).
Father’s and/or mother’s education were ordinal variables, with 7 categories ranging from 1(=Illiterate) 2(=No education), 3(=Primary
education), 4(=Secondary education including medium vocational
training), 5(=Post secondary education including higher vocational
training), 6(=Higher education less than 4 years or similar), and
7(=Higher education more than 4 years). University entry route was
another nominal variable with 3 categories 1(=University entry exam)
2(=Vocational Training level 2 or level 3), 3 (=University entry exam
for older than 25). Entry exam score was a continuous variable normalized into a scale from 5 to 10 points. No special requirements were
imposed on EMI students so comparability among groups is warrantee.
The administrative decision of creating a separate EMI group entailed
that both groups (treated and control were receiving diﬀerent ‘treatment'), this situation coincidently aligns with what a theoretical
“Hierarquical design” recommends in order to minimize potential
problems of contamination between treatments, because only one
treatment is present in the same cluster (e.g., in the same classroom). In
other words, this type of design helps to alleviate contamination because the whole cluster (e.g., the classroom) receives the treatment
(Hedges & Rhoads, 2010). All covariates were used in the matching
procedure and to generate propensity scores in a logistic regression
model with language group as the binary outcome. All variables were
used as control variables in regression analyses. Nominal variables were
binarized, with one reference category and ordinal was treated as
continuous. No other important variables informed by previous empirical related work involving academic performance in higher education were missing from our analyses.

calculating the treatment eﬀect. Once both groups are fully comparable
on their covariates, the impact of the bilingual-EMI education program
for the student is simply the diﬀerence between the observed results on
the treatment group and the counterfactual results estimated from the
control group. Out of this comparison results, we provide a causal description rather than a causal explanation (European Commission, 2013)
of the EMI program model implemented at the University of Granada,
Spain.
So, once completed the process of the renewal of the accreditation
of the university bachelor degree programs in Primary Education
Teacher Training, aﬀecting both modalities (i.e., monolingual and bilingual), as mentioned earlier in this section, and following Dearden
(2014); Hu et al. (2014) recommendation of addressing potential gaps
between policy rhetoric around high quality education standards in
plurilingual education programs in HE and ground-level reality in the
implementation of the EMI programs, our main goal for this study is to
ﬁnd evidence of the eﬀectiveness of the EMI program implemented at
the undergraduate level at a research university on a non-English
speaking country, and its eﬀects on the academic performance of the
students. Our working hypothesis, based on our preliminary followingup data, is that there will not be a diﬀerence on performance average
between Treatment and Control group, after controlling for confounding factors.
2. Method
2.1. Sample
The sample was drawn from an oﬃcial observational (Cochran,
1965) dataset managed by the Academic Organization Oﬃce of the
University of Granada. The complete original dataset consisted of
N = 1288 students (mean age M = 19.75 years old, SD = 3.51, 57.69%
female) registered for the academic cohorts of 2011/2015 and 2012/
2016 of the Primary Education Teacher Training Degree. The institution reported bilingual education modality for N = 132 students adding
both cohorts (10.25%), which leaves an N = 1156 (89.75%) for
monolingual education modality. The reason to limit the dataset to
these two cohorts has to do with the fact they were the only two cohorts
having completed the four-year career at the time of implementing this
study.

2.4. Procedure
The CIE process implemented comprises four major stages, with
several sub-stages: (1) exploring the viability of the study; (2) determining observational covariates; (3) balancing the treatment and
control group using matching methods; and (4) calculating the treatment eﬀects.
Stage 1. Exploring the viability of the study. The viability of the
study was explored by making some strategic decisions in terms of
measuring the EMI program impact on the student's academic performance as evidenced by GPA. In this regard, we conﬁrmed that the EMI
program met the basic requirements of a counterfactual approach, i.e.,
the treatment delivered was clearly distinguishable from other interventions and participants in the intervention were exposed to broadly
the same package of measures. The conditions above lead us to assume
a coherent causal mechanism underpinning the intervention.
Additionally, it was checked that the type of data available required to
conduct this CIE were available from administrative sources. After that,
cohorts of treated and non-treated units who were the focus of the
evaluation were identiﬁed and applied the mechanisms to collect data
from the administrative system cohorts. Subsequently, treatment and
control group data on the selected outcome as well as covariates selected for this evaluation were extracted from oﬃcial students’ record
kept at University. At a later phase, students’ personal, family and
academic data were anonymized for evaluation purposes granting
conﬁdentiality this way. Additionally, a deﬁnition of treatment was
elaborated, which consisted of being registered at the bilingual group of
the Degree in Primary Education Teacher Training at the University of
Granada. Out of a total of 240 ECTS in this Degree, 156 ECTS (65%)
were delivered through the EMI model. The deﬁnition for the control
group consisted of being registered at the monolingual group of the

2.2. Instruments
2.2.1. Language group
Number of languages spoken during instruction time (lecturing)
across courses served as our key independent variable. It was measured
binarily, with 1 indicating “bilingual group” and 0 indicating “monolingual group”. Thus, language group was conceptualized as a binary
treatment variable, with bilingual group as the treatment condition and
monolingual group as the control condition.
2.2.2. Grade point average
Academic achievement at Graduation served as our outcome and
reﬂected the main indicator of success in terms of academic success
including employability.
2.3. Covariates
We used a number of covariates as selection variables, regression
control variables, or both, as informed by previous empirical work
(Neuville et al., 2007; Tinto, 1997). These variables were: entry-exam
score, father’s job, mother’s job, father’s studies, mother’s studies, via of
admission, entry year, end year, dropout, and gender. Gender was
coded binarily, with 1 indicating male and 0 indicating “female”. Age
was a continuous variable measured in years. Father and mother job
situation was a nominal variable with 10 categories ranging from
83

Evaluation and Program Planning 68 (2018) 81–89

J.L. Arco-Tirado et al.

Degree in Primary Education Teacher Training at the University. The
ﬁnal sample of treatment and equivalent control group on which statistical analysis were applied was conformed based ﬁrst on estimating
the propensity score, and second on balancing both groups using
matching methods as described earlier. For this Spanish-taught group
none of the credit hours were delivered through the EMI model. So, all
members from both groups were subject to selection processes based on
choice motivated by potentially unobserved factors (Card, Ibarraran, &
Villa, 2011).
Stage 2. Determining observational covariates. First, collected data
(covariates) from both treated individuals and a sample of similar nontreated students. When selecting the covariates Shadish et al. (2006)
recommend using a rich set of covariates in order to make credible the
strongly ignorable treatment assignment assumption, which basically
means that selection into treatment is not based on unobserved factors,
or in other words, that the selection process can be characterized by the
observable data (European Commission, 2013). Consequently, to yield
unbiased causal eﬀect estimates for the matching procedure, we considered all the variables that could potentially inﬂuence the student’s
participation in the treatment group according to previous research
(Cham & West, 2016; Guill, Lüdtke, & Köller, 2017; Steiner, Cook,
Shadish, & Clark, 2010; Ward & Johnson, 2008). The included covariates: (a) concerned the time before the treatment was assigned; (b) were
considered to be stable over time in order to ensure that the covariates
would not be aﬀected by the treatment itself (Caliendo & Kopeinig,
2008; Kretschman, Vock, & Lüdtke, 2014); and (c) did not exclude or
collapse any categorical covariate (Ho, Imai, King, & Stuart, 2007).
Hence, variables such as entry-exam score, father’s job, mother’s job,
father’s studies, mother’s studies, entry route, entry year, cohort, born
in/out of Spain, birth year, dropout and gender were included. The
nominal variables father and mother’s job initially coded into 11 categories; the variables father and mother’ education were considered
continuous; the ordinal variable via of admission was coded into 3
categories becoming two dummy variables, the variable gender was
coded into 2 categories becoming a dummy variable. The variables
entry-exam score and entry year were treated as continuous variables.
Afterwards, a logistic regression model with treatment and control as
control and covariates to balance scores conditioning on all relevant
covariates were used (Jensen, Shafer, Guo, & Larson, 2017). After collecting covariates, the propensity score was estimated using a logistic
regression model in which all variables were included (non-parsimonious). These scores are later used to assess (and, in the case of nearest
neighbor matching, to achieve) balance between the treatment and
control groups on the included covariates.
Stage 3. Balancing the treatment and control group using matching
methods. After estimation of the propensity scores the data was conditioned using the three matching procedures: nearest neighbor
matching using propensity score, genetic matching and CEM algorithm.
The later two are known to be the most eﬃcient in producing treatment/control balance (Iacus et al., 2012). The plausibility of these
approaches rests on the assumption, among others, that selection into
treatment can be fully characterized by the observable data, which
means that there are no unobserved diﬀerences between treatment and
control groups that are related to results and the decision to participate
in the intervention. The credibility of this assumption is enhanced by
the incorporation of a rich range of variables into the matching estimation as well as the selection of variables based on prior knowledge
and theory (European Commission, 2013; Shadish et al., 2006). With
regard to these probability values, we then checked for the so-called
overlap assumption (Guill et al., 2017), through visual balance checks
(e.g. in this case clearly showed why means would be insuﬃcient for
checking the balance) as well as means comparison for both genetic and
nearest neighbor matching balance results.
Stage 4. Calculating the treatment eﬀects. After matching the
matching performance of the methods applied was examined by considering the absolute standardized diﬀerences in the means between the

Fig. 1. Genetic Matching distribution of Propensity Scores by treatment status.

treatment and comparison group regarding the propensity scores and
the number of covariates given. Therefore, genetic matching was the
ﬁnal choice: the matching procedure that leads to the smallest maximum bias in the covariates (Kretschman et al., 2014; Stuart, 2010).
After matching, we re-ran the same regression models with postmatching sample to check for treatment eﬀects again.
2.5. Statistical analysis
Analysis was done in R (version 3.4.0). For matching the MatchIt
package (3.0.1) was used.
3. Results
Our results are presented in three parts. First, the results of the row
comparisons of treatment and control on the selected covariates are
shown. Secondly, the extent of the success of matching algorithms in
removing diﬀerences in the covariates’ distributions is oﬀered. Finally,
the treatment eﬀects on students’ academic performance are presented.
Figs. 1 and 2 compare the distribution of propensity scores between
matched treatment units, matched control units and unmatched control
units after genetic matching and nearest neighbor matching respectively. It can be seen that there is a good degree of overlap in the unmatched control units and, on one hand, a much better distribution of

Fig. 2. Nearest Neighbour Matching distribution of Propensity Scores by treatment status.
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Table 1
Logistic regression model with T/C as control and covariates.

(Intercept)
Cohort
women
birthyr
bornoutsp
as.factor(fatsocnom)2
as.factor(fatsocnom)3
as.factor(fatsocnom)4
as.factor(fatsocnom)5
as.factor(fatsocnom)6
as.factor(fatsocnom)7
as.factor(fatsocnom)8
as.factor(fatsocnom)9
as.factor(fatsocnom)10
as.factor(motsocnom)2
as.factor(motsocnom)3
as.factor(motsocnom)4
as.factor(motsocnom)5
as.factor(motsocnom)6
as.factor(motsocnom)7
as.factor(motsocnom)8
as.factor(motsocnom)9
as.factor(motsocnom)10
fatstud
motstud
as.factor(entryroutenom)2
as.factor(entryroutenom)3
entryscore
dropout

Table 2
Unmatched and matched sample sizes resulting from each matching method.

Estimate Std

Error

Z Value

Pr( > |z|)

−160,808
0,266
0,947
0,074
0,800
0,386
0,429
−0,308
0,041
1454
0,592
1,134
0,296
0,038
0,542
−1,411
1,311
0,693
2,018
−0,205
1,267
0,536
0,436
0,210
0,261
−2,922
−11,721
0,979
NA

180,864
0,264
0,324
0,091
1288
0,814
1118
0,992
1264
1,067
0,876
1,766
0,873
1586
0,629
1,414
1,291
1,025
2,449
0,407
1,399
0,407
1430
0,125
0,123
1108
733,456
0,150
NA

−0,889
1008
2924
0,82
0,621
0,475
0,384
−0,31
0,033
1,363
0,676
0,642
0,339
0,024
0,861
−0,998
1,015
0,676
0,824
−0,505
0,905
1318
0,305
1684
2133
−2638
−0,016
6,54
NA

0,374
0,313
0,003**
0,412
0,534
0,635
0,701
0,756
0,974
0,173
0,499
0,521
0,735
0.981
0,389
0,318
0,310
0,499
0,410
0,614
0,365
0,187
0,761
0,092
0,033*
0,008**
0,987
0,001***
NA

All
Matched
Unmatched
Discarded

Genetic Matching (GM)

Nearest
Neighborhood
Matching (NNM)

Coarsened Exact
Matching (CEM)

Control

Treated

Control

Treated

Control

Treated

729
74
655
0

103
103
0
0

729
103
626
0

103
103
0
0

729
52
677
0

103
21
82
0

(β = −0.15058, t = −2.669, p < .00832**), with the multiple (genetic) regression model produced a signiﬁcant regression equation
R2 = .03362, F(1, 175) = 7.123, p = .008324). While balance was
weaker, for sensitivity analysis the nearest neighbor means comparisons
are provided, yielding similar results (β = −0.10505, t = −2.027,
p < .044*), with the multiple (nearest) neighbor regression model
producing a signiﬁcant regression equation R2 = .01493, F(1
204) = 4.107, p = .04401).
Finally, with genetic matching the multiple regression model with
all predictors produced a (β = −0.1669430, t = −3.659,
p < .000349***) and a signiﬁcant regression equation R2 = .406, F
(26, 150) = 5.626, p < .0001). The multiple (nearest) neighbor regression model with all predictors produce a (β = −0.12751,
t = −2.976, p < .00333**) and a signiﬁcant regression equation
R2 = .3576, F(27, 178) = 5.227, p < .0001).

Signiﬁcance codes: ***p < .001. **p < .01. *p < .05.

4. Discussion

individuals for any propensity scores in both the matched treatment
and the matched controls; on the other hand, a slight outperformance of
the treatment group over the control cohort. Both ﬁndings are important, because the essential principle of propensity score analysis is
that if two individuals are found, one in each treatment or control
condition, we can imagine that those two individuals were ‘randomly'
assigned to each group in the sense of either allocation being equally
likely.
The β-values obtained from the regression model applied to raw
data of treatment and control group changed from unmatched
(β = .12492, t = 2.676, p < .00754**) (R2 = .004765, F(1,
1286) = 7.162,
p = .007541),
to
matched
(β = −0089275,
t = −2.245, p < .024944*) (R2 = .3693, F(31, 1097) = 22.31,
p < .2e-16, t = −2.245).
As it can be seen in Table 1, the logistic regression model with t/c as
control and covariates shows that, for the statistically signiﬁcant variables, Entry-exam score has the lowest p-value, thus suggesting a strong
association of the students’ entry-exam score with the probability of
selecting the bilingual education program, followed by other variables
such as Women (sex), Mother studies (mother studies) and Entry route 2.
The negative coeﬃcient for the last predictor suggests that all other
variables being equal, students accessing the university through this
route (i.e., University entry exam for older than 25) are prone to ending
up in the Control condition.
Table 2 shows how many treatment and control cases were eliminated from the sample depending on the matching method used. Improvement on the balance on the covariates comparing Treatment and
Control underlies these cases attrition. CEM discarded too many cases
from the treatment group to remain a viable option from a power
perspective. The other two methods Genetic Matching (GM) and
Nearest Neighbor Matching (NNM) yield better results in terms of size
and power sample.
Table 3 presents the balance for unmatched, propensity matched
and genetic matched covariates means between Treated and Controls
cases. Genetic matching means comparisons yield the following values

In a time of strain on public funds it is critical that academics and
policy makers understand the eﬀects of the educational interventions
(European Commission, 2013). In this regard, our results provide evidence that there is a cost in academic performance for students taking
the bilingual program. This means that two students who were statistically equivalent on all covariates before starting the Degree, except for
their choice of enrolling the bilingual group, the one in the bilingual
intervention group had a higher likelihood of completing their Degree
with a lower GPA. The unexpected initial positive eﬀect of the program
on the EMI language group, when comparing raw data, could be attributed to the program eﬀect; however, when controlling for covariates the results where the exact opposite. The reason for this change lies
on the matching estimator accounting for the self-selection based on
observables, which allows the true (negative) program eﬀect to surface.
In this vein, if the self-selection observed from the observables goes in
the direction of selecting the better students into treatment, it must be
expected to have the same kind of selection based on unobservables.
For example, one of the potential confounding factors underlying these
net impacts results could be families with higher cultural and social
capital persuading their kids to register on the bilingual group, while
for others these opportunities are rejected or ignored because of the
lack of support from their families and/or avoidance of risk taking. As
Hernández-Nanclares and Jiménez-Muñoz (2017) suggest, another potential confounding factor could be the gap between the English level
command students develop in high-school and the requirements at HE.
Still another potential confounder could be the students’ motivation
level resulting from the decision of being accepted or excluded from the
language group, including the selection mechanism. If that were the
case, controlling for the unobservable characteristics of the self-selected
sample would probably yield an even more negative treatment eﬀect. In
this regard, it can be concluded that even with the limitation of not
controlling for selection on unobservables this study provides some
evidence that there is a negative eﬀect.
Alternative accounts to this negative eﬀect like diﬀerences on
learning contents attributed to diﬀerent curricula, or other confounding
85

Distance
Cohort
Women
Birth year
Born out Spain
Father ocupation1
Father ocupation2
Father ocupation3
Father ocupation4
Father ocupation5
Father ocupation6
Father ocupation7
Father ocupation8
Father ocupation9
Father ocupation10
Mother ocupation2
Mother ocupation3
Mother ocupation4
Mother ocupation5
Mother ocupation6
Mother ocupation7
Mother ocupation8

0,370
1573
0,835
1993,061
0,010
0,019
0,388
0,029
0,039
0,019
0,048
0,126
0,010
0,3107
0,0097
0,0388
0,0097
0,0097
0,0194
0,0097
0,1262
0,0194

0,089
1495
0,632
1992,129
0,008
0,049
0,595
0,029
0,101
0,021
0,012
0,075
0,003
0,1029
0,0055
0,0274
0,0151
0,0055
0,0261
0,0014
0,1166
0,0014

0,121
0,500
0,485
2432
0,090
0,217
0,491
0,167
0,309
0,142
0,110
0,264
0,052
0,304
0,074
0,163
0,122
0,074
0,159
0,037
0,321
0,037

0,281
0,078
0,203
0,939
0,001
−0,03
−0,207
0,003
−0,068
−0,001
0,036
0,051
0,007
0,208
0,004
0,011
−0,005
0,004
−0,007
0,008
0,010
0,018

Mean Diﬀ
0,370
1573
0,835
1993,068
0,010
0,019
0,388
0,029
0,039
0,019
0,048
0,126
0,010
0,311
0,010
0,039
0,010
0,010
0,019
0,010
0,126
0,019

0,299
1563
0,854
1992,690
0,010
0,010
0,437
0,010
0,039
0,029
0,048
0,126
0,010
0,282
0,010
0,039
0,010
0,019
0,029
0
0,126
0,010

Means Control

Means Treated

SD Control

Means Treated

Means Control

Nearest Neighbor (Propensity) matched

Unmatched

Table 3
Balance for unmatched, Propensity matched and Genetic matched covariates between Treated and Control.

0,184
0,498
0,354
2505
0,098
0,098
0,498
0,098
0,194
0,169
0,216
0,334
0,098
0,452
0,098
0,194
0,098
0,139
0,169
0
0,334
0,098

SD Control
0,071
0,010
−0,019
0,379
0
0,0010
−0,048
0,0194
0
−0,001
0
0.000
0
0,029
0
0.000
0.000
−0,010
−0,010
0,010
0
0,010

Mean Diﬀ
0,370
1573
0,835
1993,068
0,010
0,019
0,388
0,029
0,039
0,019
0,048
0,126
0,010
0,311
0,010
0,039
0,010
0,010
0,019
0,010
0,126
0,019

Means Treated

Genetic matched

0,334
1485
0,854
1993,058
0,010
0,019
0,408
0,010
0,039
0,010
0,010
0,116
0
0,379
0,010
0,039
0,010
0,010
0,010
0,010
0,126
0,019

Means Control
0,228
0,503
0,355
2131
0,099
0,139
0,495
0,099
0,194
0,099
0,099
0,323
0
0,488
0,099
0,194
0,099
0,099
0,099
0,099
0,334
0,139

SD Control

0,036
0,087
−0,019
0,010
0
0
−0,019
0,019
0
0,010
0,039
0,010
0,010
−0,068
0
0
0
0
0,010
0
0
0

Mean Diﬀ
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5. Limitations

potential factors like teacher English instruction competency (Dearden,
2014), students’ language command (Coetzee-Van Rooy, 2010; Kim
et al., 2009) and/or teacher practices and/or thoroughness diﬀerences,
as Bradford (2012) notices, are initially discarded since all groups share
the same curricula in the ﬁrst case, and a balanced distribution of
teachers related factors among all participants is assumed for the
second and third factors. In this regard, it must be claimed that the
negative diﬀerence on GPA may be attributed to the eﬀect of the program, since diﬀerences in the covariates’ distributions have been removed, as Slavin (2008) suggests by: (a) matching both groups on those
key covariates that specialized literature recommends; and (b) the
statistical techniques utilized have proven useful to evaluate treatment
eﬀects when using observational data.
These results, although to some extent limited, hopefully will contribute to mitigate the international scenario of scarcity of data on the
success or impact of EMI programs, as Bradford (2012) claimed.
Drawing from Hu et al. (2014); Dearden (2014), as we mentioned in an
earlier section, one way to raise the quality of education standards in
plurilingual education programs would be through developing consensus in HE around the idea of implementing eﬀective plurilingual
education policies. In case there are not enough high-quality evidences
to support those policies, then the priority would be to create better
conditions to develop more adequate datasets in a searchable format for
example. These changes, instead, could trigger the process of building
further evidence, particularly if interdisciplinary research teams are
promoted and collaboration among universities developing similar experiences work. If eventually these conditions are met for long enough,
then it is the opportunity for brokerage activities to mediate and facilitate the use of those evidence-based practices and programs by
policy-makers.
Another implication for the future of EMI programs that our results
entails that if signiﬁcant improvement on the key factors aﬀecting the
quality of these programs is intended, additional outcomes have to be
included in the regression models. Rather than solely looking into one
outcome such as GPA, other important outcomes linked to this modality
of plurilingual education need to be monitored as well. For example,
learning a student language proﬁciency and trade-oﬀ may be worth
being observed. However, the lack of provision mentioned above on
one hand and, on the other hand, the objections posed by the university
records oﬃce to provide academic records from speciﬁc courses (which
involves conﬁdentiality concerns) along with the cost in time of preparing those speciﬁc data (i.e. scores on English courses) from as many
as twenty groups including both cohorts, prevented this research from
including academic performance data on that key speciﬁc outcome
variable.
Future student achievement studies should include as key covariate
students’ command of English as a baseline, when they start their studies at the University, and continue its measurement throughout the
whole period of studies (Kim et al., 2009) including its impact on
cognitive development (Coetzee-Van Rooy, 2010). This baseline measure for instance would be much more reliable than those obtained in
postsecondary education, although the cost of gathering freshmen data
at the writing, speaking and listening level is simply not aﬀordable at
this point. Alternativelly, other courses, which are part of this Degree
curriculum belonging to the English department, could have been a
proxy variable in order to measure the impact of these EMI programs on
students’ second language command in the future. Another example of
research deﬁcit on EMI programs impact and processes is how diﬀerent
students with diverse second language command “develop complex,
cognitively demanding content knowledge and skills” (Johnstone,
2010, p. 123). Attention to how these plurilingual education-training
models impact on in-service teacher perceptions (Pérez, 2014) and
other non-cognitive (soft) skills are also in high demand due to the key
role of those competencies in the labour market (Angel, Cabrales, &
Carro 2016; De Wit et al., 2015).

Designing observational studies (Cochran, 1965) to approximate
randomized trials is challenging. In the previous sections, we have
described and illustrated the use of regression adjustment and propensity scores for the analysis of observational data. In this regard, it is
important to note that, while randomized trials allow balance over
known and unknown covariates, observational data analysis only allows balance over known covariates, which is an unavoidable limitation. Also, if we thought of a hypothetical randomized experiment in
our study that led to the observed dataset, unquestionably an important
outcome variable is missing in our study, which is the student’s performance on the second language. In this regard, future studies should
include this outcome, as Hernández-Nanclares and Jiménez-Muñoz
(2017); Jiménez-Muñoz (2014) suggest, so that in case of persistence of
unfavorable outcome for treatment students on GPA, potential gains on
this competing outcome can be demonstrated. Another controversial
issue is the ratios of sample sizes needed to obtain well-matched samples (Rubin, 2008). In this regard, our matching ratio before balance
(1156:132) and after balance on the covariates comparing control and
treatment (729:103) are above the general recommendation of 4:1
(control to treatment) recommended by (Linden & Samuels, 2013).
According to these authors, this ratio elicits, a priory, the lowest bias
and allows investigators to maximize the number of controls matched
to each treated individual to increase the likelihood that a suﬃcient
sample size will remain after attrition. Alternatively, as Austin (2010)
points out, increasing the number of untreated subjects matched to each
treated subject tends to increase the bias in the estimated treatment
eﬀect and, conversely, increasing the number of untreated subjects
matched to each treated subject decreases the sampling variability of
the estimated treatment eﬀect. Thus, Austin (2010) recommends
matching either 1 or 2 untreated subjects to each treated subject when
using propensity-score matching since this ratio minimizes the mean
squared error. Consequently, although the distribution of propensity
scores between control and treated we have reached is not entirely
satisfactory (1:1) (i.e., 103:103) it still lies within the recommendable
interval.
Finally, further work is needed to describe and justify the “approximating randomized assignment mechanism” (Rubin, 2008, p. 816)
or the admission mechanism involved in this type of studies and its
potential consequences on (motivational) covariates distribution. In
this regard, future studies based on a discontinuity regression design
selecting a certain number of students distributed above and below the
entry cut-oﬀ grade could provide a research design quite close to randomization.
In sum, our results provide a baseline for evidence on the eﬀects of
an undergraduate EMI program implemented at a public research university in Spain. Our negative eﬀects results also align with those found
by Angel et al. (2016) although in their case referred to primary education students. In any case, both studies reinforce the need to look at
the eﬀect on these important outcomes when evaluating bilingual
programs across the whole educational system in Spain and other EMI
countries. After all, the implementation of high-quality bilingual education programs and policies depends on the type of evidence available.
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