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Abstract 

Background:  Grade retention is an educational aspect that concerns teachers, 
families, and experts. It implies an economic cost for families, as well as a personal 
cost for the student, who is forced to study one more year. The objective of the study 
was to evaluate the effect of course repetition on math, science and reading compe‑
tencies, and math self-efficacy.

Methods:  We employed a causal approach using propensity score matching to com‑
pare the result in the PISA tests of retained versus non-retained students. We found 
a comparison group with a similar distribution in the control variables to the group 
of retained students.

Results:  Course retention has a negative effect on the academic performance of stu‑
dents. Retained students showed lower results in math, science, reading, and math 
self-efficacy compared to the non-retained group. 

Conclusions:  In line with previous research, evidence shows that grade repetition 
in Spain is not obtaining the expected results in retained students. This evidence sug‑
gests a rethinking of grade retention policies in Spain.

Keywords:  Causal inference, Performance, PSM, PISA, Propensity score matching, 
Grade retention, Secondary education

Introduction
Grade retention is a practice in schools where teachers either require or recommend that 
students repeat a year of school. This recommendation can stem from various factors, 
such as poor academic performance, irregular attendance, developmental delays, inad-
equate social interactions, health issues, and more. (Valbuena et  al., 2021). Although, 
formally, grade retention should be grounded in purely academic and maturational cri-
teria, scientific literature indicates a strong association with contextual factors, includ-
ing socio-economic, cultural, and demographic influences (López-Rupérez et al., 2021; 
Nieto-Isidro & Martínez-Abad, 2023). Considering the significant economic, social, and 
personal costs associated with grade retention (Valbuena et al., 2021), alongside the fact 
that Spain is one of the European Union and OECD countries with the highest repetition 
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rates (Nieto-Isidro & Martínez-Abad, 2023), it is particularly relevant to study this 
phenomenon.

Many teachers believe that grade retention can reinforce a student’s knowledge or 
development and support their academic success (Eide & Showalter, 2001; Santos & 
Monteiro, 2021; Young et al., 2019). However, both international meta-analyses (Allen, 
2001; Goos et al., 2021; Jimerson, 2001) and empirical studies (Goos et al., 2013; Tin-
gle et al., 2012) have not consistently demonstrated a clear relationship between grade 
retention and academic success. In Spain, some studies even suggest that grade retention 
may have detrimental effects (Jerrim et al., 2022; López-Rupérez et al., 2021; Rodriguez-
Rodriguez, 2022).

Researchers aiming to infer causality regarding grade retention face the challenge of 
identifying a suitable comparison group of students who have not been retained. To 
address this challenge, researchers rely on causal inference, which involves drawing con-
clusions about cause and effect based on the observed associations between two or more 
variables. (Hernán & Robins, 2022; Imbens & Rubin, 2010; Pearl & Mackenzie, 2018). 
In the context of grade retention, researchers seek to use causal inference to assess the 
effect of this practice on a student’s academic success by comparing outcomes between 
students who have been held back and those who have not.

One statistical technique that can assist in elucidating the relationship between grade 
retention and student outcomes in the absence of a traditional control group is match-
ing with propensity scores (Hernán & Robins, 2022). Matching involves creating pairs of 
observations that are similar on all observed variables, except for the outcome of interest 
(Rosenbaum & Rubin, 1983). By employing this technique, researchers can construct a 
control group of non-retained students that can be compared to a group of retained stu-
dents, thus gaining a better understanding of the impact of grade retention.

Grade retention in Spain

Grade retention in Primary and Secondary education is governed by the Ley Orgánica 
3/2020, de 29 de diciembre, por la que se modifica la Ley Orgánica 2/2006, de 3 de mayo, 
de Educación. Specifically, article 20 regulates grade retention in Primary Education and 
article 28 in Secondary Education. Specifically, article 20 addresses grade retention in 
Primary Education, while article 28 pertains to Secondary Education. In the context of 
Primary Education, students may be retained if the teaching staff, after implementing 
sufficient ordinary measures, determine that retention will enable the student to achieve 
the necessary level of competency acquisition. In Secondary Education, students can 
be retained up to three times, provided that teachers believe this measure supports the 
acquisition of the competencies required for that stage.

Despite these regulations, grade retention remains a common practice in Spain, with 
24.5% of 15 year-old students having been retained at least once, most frequently dur-
ing their first year of Secondary Education (Ministerio de Educación y Formación Pro-
fesional, 2022). This practice is likely sustained by the prevailing belief among teachers 
that retention is beneficial for improving social and academic outcomes, particularly as a 
preventive measure against future failures (Range et al., 2012; Santos & Monteiro, 2021; 
Young et al., 2019). Consequently, while students may be retained based on their com-
petency acquisition in a specific year, many characteristics unrelated to their academic 
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performance increase the likelihood of retention. For example, Jerrim et al. (2022) con-
cluded that grade retention is more common among students born later in the year. 
ound that students born later in the year are more likely to be retained, a disadvantage 
linked to their younger age at school entry that diminishes as they progress through the 
educational system. Similarly, González-Betancor & López-Puig (2016) identified factors 
such as a student’s month of birth, parental education, and employment status as signifi-
cantly increasing the probability of being retained.

Previous research about grade retention in Spain

Recent studies on grade retention in Spain primarily utilize PISA data to explore two 
main areas. Some investigate the reasons behind student retention, while others focus 
on how individual characteristics, such as previous retention, influence academic perfor-
mance. Among the researchers exploring why students are retained, Jerrim et al. (2022) 
observed that students born at the end of the year are more likely to repeat a grade. 
They performed regression discontinuity analysis using the PISA data for students par-
ticipating in the 2006, 2009, 2012, and 2015 assessments. And concluded that the main 
reason a younger student has a lower PISA score than an older student in Spain is not 
relative age per se, but because their knowledge is less as they have been taught less con-
tents. Zinovyeva et al (2014) found that immigrant students perform significantly worse 
and were at higher risk of grade retention than natives, although their scores improve 
with the years spent in Spain. Using Oaxaca-Blinder decompositions, they showed that 
more than half of the gap is explained by individual and family characteristics. Choi 
et  al. (2018) observed that gender and type of household increased the risk of being 
retained. They used PISA and PIRLS data set to estimate the effect of different varia-
bles of nine years old children on the risk of being retained until they were 15 years old. 
They observed that boys and children without a common household were more prone 
to repeat an academic year, and concluded that individual and household characteristics 
are highly relevant for explaining grade repetition in compulsory secondary education. 
Asensio et al. (2018) observed that being retained was one of the strongest predictors 
of PISA scores. They explored the effect of different PISA variables on student’s perfor-
mance using decision trees. They concluded that being retained, or more specifically, 
the academic year a student is in, can effectively summarize the student’s performance 
history, which explains its predictive value. Rodriguez-Rodriguez (2022) also gather 
evidence of the negative effect of being retained. He assessed grades and motivational 
variables four times in more than a thousand student during two academic years. He 
concluded that research like this shows the detrimental effects of being retained and that 
batch application to poorly performing students subject to repetition has no positive 
effect, at least for Spanish students. Lopez-Agudo et al. (2023) instead of just compar-
ing retained versus non-retained students, they followed a cohort of over 6000 students 
who were retained in year 8. They observed no differences in reading competences, that 
is, one year later retained students had not improved their reading competences and 
observed slight improvement in math. They also observed that retained students dis-
play much lower competences in math and reading. To sum up, researchers gathered 
evidence that characteristics outside student’s control make them susceptible to be 
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retained, and what is worse, that grade retention is one of the strongest factors on the 
explanation of student’s performance.

Effects of grade retained: a causal inference approach

Thus, in this manuscript we wonder what the learning cost of being grade retained is. 
However, the answer to this question is not straightforward. The raw comparison of 
retained versus non-retained students would lead to erroneous conclusions. This would 
happen since there is no random assignment of grade retention, and the decision to 
retain a student is not independent of the student’s academic performance. Research-
ers can handle this issue by constructing a counterfactual sample of students who are 
not grade retained, and then compare the academic performance of the actual grade 
retained students with the performance of the students in the counterfactual sample. 
By comparing the academic performance of the actual retained students with the per-
formance of the students in the counterfactual sample, researchers can infer causal evi-
dence of the learning cost of being retained.

To infer causality some conditions need to be met, being the most classic that the cause 
precedes the effect. Thus, if we want to test the effect of retention on future academic 
performance, obviously, retention must come before the assessment of performance, for 
example, students might be retained in Primary Education or Secondary Education and 
assess performance when they are 18 years old. While temporal precedence is a crucial 
condition for establishing causality, it is not the only one.

Another condition is that the cause could potentially be different, that is, if we had 
chosen another value for the cause, the effect would have changed. The cause needs to be 
a treatment that in different conditions could be manipulated by an investigator, recall-
ing to a randomized control trial, where the effect would be a change in outcome, that 
is, a change in the value according to the treatment received. In “another reality” to be 
retained or not to retained could be in the researcher hands. In our study, we analyze the 
potential effects of treatment, in this case, whether being retained impacts student per-
formance and self-efficacy, under the premise that the cause could have been different. 
For instance, in an ideal experimental setup, such as a randomized controlled trial, the 
researcher could manipulate retention to observe its effect on outcomes. In this hypo-
thetical scenario, whether a student is retained or not would be under the control of the 
investigator, allowing for a direct assessment of how different treatments lead to changes 
in performance. But it would not be possible to infer causality if we want to compare 
boys and girls, as sex is not amenable to intervention.

In addition to these two conditions, we need pairs of students with similar covariates, 
one student for the treatment group and another for the control. Ensuring this similarity 
is vital to meeting the ignorability assumption, as it requires accounting for all poten-
tial covariates that could influence the causal relationship. However, as Rosenbaum and 
Rubin highlight quoting Fisher, this criterion is completely unrealistic. People exhibit a 
wide range of life experiences, genes, neurons configuration, etc., all of which are incred-
ibly complex. Fortunately, these differences are irrelevant for successful causal inference, 
as our goal is to gather evidence of the average causal effect of grade retention on per-
formance, which stands for the expected decrease of student’s performance in response 
to being retained. An approximation to this ideal design is to select subjects who are as 
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similar as possible in terms of the propensity to respond to the intervention. Thus, what 
researchers need is balanced groups in terms of covariates. More specifically, students in 
both groups need to have similar distributions of covariates. The transition from asso-
ciation to causation, which considers potential biases from unmeasured covariates, is 
preceded by controlling for observable covariates. Bias will occur from any unobserved 
or confounding variables that are connected to the treatment assignment. Independent 
of any confounders, each student must be given the option of being held or not. Students 
must have the same likelihood of being retained or not with the same variables (Kaplan, 
2016).

Since propensity score matching (PSM) is based on this logic, it is essential to iden-
tify and control all the key covariates (Rubin, 2008) in the causal relation between the 
independent variable (assignment to treatment or control) and the dependent variable. 
Rosenbaum and Rubin (2022) stresses the importance of carefully planning the research 
design, paying particular attention to the covariates to be included in the data collection. 
In fact, the main criticism of this technique as a measure of evidence of causal effects is 
its bias associated with the existence of unobserved or unmeasurable variables. Although 
there is an open debate in this respect (Guo et al., 2020; Oyenubi, 2020), with some stud-
ies showing that this bias is small (Tübbicke, 2023), the evidence suggests that it is pos-
sible to minimize the error based on a good prior design (Guo et al., 2020). Researchers 
using this method attempt to reduce selection bias by making the treatment and control 
groups more similar to each other. The idea is that if two students have the same pro-
pensity score but belong to different groups (treatment or control), both subjects can be 
considered balanced, and therefore the assignment random (Cordero et al., 2018). The 
most common statistic used to determine the balance between groups is the standard-
ized mean difference. This statistic is consistent under multiple data conditions and usu-
ally is presented in the literature as the most appropriate measure of balance (Ali et al., 
2014). The standardized mean difference informs about the effect size of the covariate 
means difference between groups and can be interpreted as a Cohen’s d statistic (Austin, 
2009). In the context of propensity score matching analysis, standardized mean differ-
ences below 0.1 indicate that the covariate is well balanced in groups (Zhang et al., 2019) 
Along with balancing the main effects of the covariates, Belitser et al. (2011) find that 
inclusion of their interactions and squares terms returns models with smaller biases.

Present study

The aim of this study is to assess the effect of grade retention on students’ academic 
performance in Spanish schools through causal inference techniques, by providing an 
analytical approach that contributes to reduce biases and endogeneity issues in its esti-
mation and study. To do so, we use PISA data that includes information on students 
who were grade retained and those who were not. We match students in the two groups 
using propensity score matching, which allows us to create a control group that can be 
compared to a group of retained students.

This study contributes to the literature on grade retention in Spain by providing evi-
dence of the effect of grade retention on academic performance. Addressing this topic is 
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crucial, as few studies in educational journals utilize causal methods, making it challeng-
ing to accurately determine the impact of grade retention.

Methods
Participants

The target population of this research are the Spanish students aged 15–16 years old 
at the time of data collection for the 2022 PISA assessment. Thus, the sample of this 
study, drawn from the database provided by the OECD (2022), is composed of all those 
15–16-year-old students (born between January and December 2006) who participated 
in the PISA 2022 tests in Spain. The PISA assessments apply stratified two-stage sam-
pling design, sampling schools in the first stage and selecting students by school in the 
second stage. Since the strata are defined according to region (Autonomous Commu-
nity) and school ownership, the sample distribution by these two variables is equivalent 
to the population distribution.

The sample comprised 29,775 students, with 50.42% female and 49.58% male. We 
addressed missing data in covariates using predcitive mean matching as implemented 
in MICE (Buuren & Groothuis-Oudshoorn, 2011). This approach allowed us to estimate 
and fill in missing values, enabling us to utilize the entire dataset for our analysis.

Variables

The independent variable is grade retention. It includes all students who are not in the 
expected grade for their age and encompasses those who may have been retained one or 
more times.

The dependent variables of the study are the scores obtained by the students in the 
mathematics, reading and science competence tests. These variables are defined by the 
PISA 2022 assessment and analytical framework as follows (OECD, 2023):

•	 Mathematics: “An individual’s capacity to formulate, employ and interpret mathe-
matics in a variety of contexts. It includes reasoning mathematically and using math-
ematical concepts, procedures, facts, and tools to describe, explain and predict phe-
nomena” (p. 75).

•	 Science: “Is the ability to engage with science-related issues, and with the ideas of 
science, as a reflective citizen. A scientifically literate person, therefore, is willing to 
engage in reasoned discourse about science and technology which requires the com-
petencies of explaining phenomena scientifically […]; evaluating and designing scien-
tific enquiry […]; interpreting data and evidence scientifically” (pp. 100–101).

•	 Reading: “Is understanding, using, evaluating, reflecting on and engaging with texts 
in order to achieve one’s goals, to develop one’s knowledge and potential and to par-
ticipate in society” (p.28).

•	 Math self-efficacy: Is the belief in their ability to successfully perform specific math-
ematical tasks. It is measured by asking students how confident they feel about com-
pleting various pure and applied mathematics problems.

The selection of observed covariates was based on their theoretical and empirical 
relationship with grade retention, as identified in studies on school effectiveness in 
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Spain and relevant literature using PISA assessments. These covariates are known to 
influence retention decisions and educational trajectories (e.g., Choi & Calero, 2013; 
Gamazo et al., 2018). Specifically, we used the variables listed in Table 1.

The OECD (2009) highlights that the joint use of plausible values and the replicate 
weights is the most efficient alternative for the estimation of parameters and standard 
errors. Thus, we used both plausible values of math, reading and science student com-
petencies and replicate weights of student weights in the regression models computed.

Data analyses

Matching is based on the propensity score (PS), defined as the conditional probability 
of assignment to treatment, from a group of covariates (Martínez-Abad & León, 2023):

where Xi are the covariates included, Z is the assignment of the subject to the treatment 
(Z = 1) or control group (Z = 0), this group refers to the non-treated group resulting from 
the matching procedure.

To facilitate optimal balance between groups, we initially considered full matching, 
which uses all available data by applying a weight to each subject, allowing any treated 
student to be matched with one or more control student. In addition, we explored 
nearest neighbour matching, beginning with a 1:1 ratio where each treated subject is 
matched with one control subject having the closest propensity score. We also tested 
a 1:2 ratio, matching each treated subject with two control subjects to broaden the 
comparison group for each treated individual. To further test the robustness of our 
results and ensure stability and reliability, we varied the length of the caliper from 0.1 
to 0.5. Adjusting the caliper, which defines the maximum allowable difference in pro-
pensity scores for matched pairs, allowed us to examine how sensitive our results were 
to the tightness or looseness of matches between treated and control units. Through 
these diverse matching options, we aimed to achieve the best balance between treated 
and control groups.

After matching, we compared univariate distribution of the full versus the 
matched sample. Next, we collected evidence of reasonable balance by checking all 

PS = p(Z = 1|Xi)

Table 1  List of control variables used in the study

Variable PISA database name Values

Economic, social, and cultural status 
(ESCS)

ESCS Continuos

Years of early education DURECEC Discrete

Month of birth ST003D02T 1 (Jan)–12 (Dec)

Gender (recoded) ST004D01T 0: Male
1: Female

Migratory status (recoded) IMMIG 0: Native
1: 1st generation immigrant

Home language (recoded) ST022Q01TA 0: Language of the test
1: Other language
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standardized mean differences of covariates and all standardized mean differences of 
squares and mutual interactions between them.

To estimate the treatment effect and its standard error, we focused on comparing 
the treated observations, students who experienced grade retention, with non-treated 
observations included in the matched sample. We achieved this by fitting linear regres-
sion models, using each of the three competencies (math, science, and reading) and math 
self-efficacy as the outcome variables, with retention and covariates serving as predic-
tors. To account for the sampling used in PISA assessment we included the propensity 
score weights in the estimation procedure. Specifically, we undertook a two-step pro-
cess for recalculating weights. First, we derived the propensity score matching weights, 
excluding the initial PISA weights to focus purely on the matching component. In the 
second step, we calculated new weights for the replicate samples by integrating these 
adjusted weights with the existing replication structure. This recalibration allowed us to 
maintain the integrity of both the sampling design and the matching procedure, ensur-
ing accurate and representative results in our analysis.

All analyses were conducted using RStudio. We started our analysis by estimating the 
propensity scores using the MatchIt package (Ho et al., 2011). Once we decided the esti-
mation procedure, we continued with the linear regression models to estimate the effect 
of grade retained on math, science, reading and math self-efficacy. We used the Survey 
package (Lumley, 2004) to define the structure of weights, replicate weights, and group-
ings of students within the PISA 2022 database. After developing an independent regres-
sion model for each plausible value in each competency, we calculated and reported the 
averages of the obtained parameters, adhering to the recommendations from the OECD 
(2022). The complete implemented R code can be found in the Appendix.

Results
Data from 29,775 students were retrieved from the Spanish PISA data. Among these, 
5642 (18.95%) had been grade retained, while 24,133 (81.05%) had not. As shown in 
Table  2, before propensity score matching, retained students showed notable differ-
ences in covariates, such as lower ESCS and less early education. They also varied in 
immigrant status, month of birth, gender, and Spanish language use at home compared 

Table 2  Characteristics of the study population before propensity score matching

Retained Non-retained

N 5642 24,133

ESCS − 0.65 0.14

Early education 2.87 2.96

Migratory status 0.12 0.05

Month of birth 7.01 6.45

Gender 0.42 0.52

Home language 0.79 0.85

Math 397.04 495.62

Science 413.48 505.43

Reading 400.27 497.11

Self-efficacy − 0.60 − 0.10
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to non-retained students. These variations underscore the need for propensity score 
matching to balance these covariates.

Propensity score estimation

Selection of matching estimation approach

Results indicate that all estimation methods (see Table  3), whether nearest neighbor 
approaches or full matching with varying caliper widths, produce similar outcomes in 
covariates between retained and control groups. Key factors such as ESCS, early educa-
tion, immigrant status, month of birth, gender, and the prevalence of Spanish language 
use demonstrate consistent balance across all methods. Given these similar results, we 
have decided to rely on the nearest neighbour 1:1 matching approach for our final analy-
sis. This method offers effective covariate balance while maintaining simplicity and effi-
ciency in our matching process.

Covariate balance assessment post‑matching

In Fig.  1, we observe the distribution of covariates before and after matching. Post-
matching, the distributions for variables such as ESCS, month of birth, gender, and 
home language align more closely between the retained and control groups. This indi-
cates improved balance, with the matched sample showing a distribution that resembles 
the retained group more accurately. Notably, the density plots reveal adjustments in the 
propensity score distribution, particularly for ESCS and month of birth, suggesting that 
the applied matching has created comparable groups.

After the propensity score matching differences between retained and non-retained 
students diminished. Standardized differences were less than 0.10 for all variables, sug-
gesting a balance between the two matched groups after propensity score matching 
(Fig. 2).

Impact of grade retention on academic performance and self‑efficacy

As shown in Table  4, retained students demonstrate lower average scores across 
key competences: math (397.04 vs. 479.57), reading (400.27 vs. 478.55), and sci-
ence (413.48 vs. 490.87). Additionally, math self-efficacy scores are markedly lower 
for retained students (−  0.59 vs. −  0.21), indicating diminished confidence in their 

Table 3  Comparison of covariate balance across different matching procedures and calipers

Cal. = caliper

Full Nearest

Ratio 1:1 Cal. 0.1 Cal. 0.2 Cal. 0.3 Cal. 0.4 Cal. 0.5 Ratio 1:2

N 24,133 5642 5519 5565 5609 5642 18,168 11,284

ESCS − 0.70 − 0.67 − 0.65 − 0.66 − 0.66 − 0.67 − 0.67 − 0.67

Early education 2.86 2.85 2.86 2.86 2.85 2.85 2.85 2.85

Migratory status 0.13 0.12 0.11 0.11 0.11 0.12 0.12 0.12

Month of birth 7.01 7.03 7.03 7.03 7.03 7.03 7.03 7.03

Gender 0.41 0.42 0.42 0.42 0.42 0.42 0.42 0.42

Home language 0.21 0.20 0.20 0.20 0.20 0.20 0.20 0.20



Page 10 of 17León and Martínez‑Abad ﻿Large-scale Assessments in Education            (2025) 13:8 

mathematical abilities. These findings underscore relevant disparities in academic 
achievement and self-efficacy, highlighting the challenges faced by retained students.

These results illustrate the differences between retained students and the non-
retain counterparts on PISA competencies and math self-efficacy. The results show a 
negative effect on all measured outcomes. Retained students performed considerably 
lower than their non-retained peers. Math scores were 82.77 points lower, reading 

Fig. 1  Distributions of retained versus non retained before and after the matching. Retained students are in 
dark lines. Non-retained students are in grey lines
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scores 77.24 points lower, and science scores 78.92 points lower. Math self-efficacy 
was also lower by 0.39 points.

These differences are further highlighted by the effect sizes presented in Table  5. 
Retained students show substantial negative effect sizes across all outcomes, with 
math at −  1.18, indicating a large impact. Science and reading also exhibit relevant 
negative effects, with effect sizes of −  0.98 and −  0.95, respectively. Math self-effi-
cacy, although smaller, still shows a notable effect size of −  0.37. These effect sizes 

Fig. 2  Standardized mean difference of covariates and interactions

Table 4  Comparion of retained and non retained groups

Retained Non retained

N 5642 5642

Outcomes Math 397.04 479.81

Read 413.48 490.72

Science 400.27 479.19

Math self-efficacy − 0.59 − 0.20

Covariates ESCS − 0.65 − 0.66

Early childhood education 2.88 2.85

Migrant status 0.12 0.11

Month of birth 7.01 7.03

Gender 0.42 0.41

Home language 0.20 0.20
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underscore the profound impact of grade retention on both academic performance 
and self-confidence in mathematical abilities.

The regression analysis shows that grade retention has a significant negative impact 
on academic outcomes and math self-efficacy, even when accounting for covariates (see 
Table 6). Retained students score markedly lower in math (β = − 82.57, p < 0.001), science 
(β = −  77.26, p < 0.001), and reading (β = −  78.69, p < 0.001), and they exhibit reduced 
math self-efficacy (β = − 0.39, p < 0.001). These outcomes highlight the substantial chal-
lenges faced by retained students, indicating that the negative effects of retention persist 
even after considering various demographic and socio-economic factors.

Discussion
The aim of this study was to assess the effect of grade retention on students’ academic 
performance in Spanish schools. To do so, we used PISA data that included information 
on students who were grade retained and those who were not. We matched students in 
the two groups using propensity score matching, which allowed us to create a control 
group that can be compared to a group of retained students.

Several leading researchers in the field of applied quantitative research methods in 
Social Sciences recommend the use of causal inference techniques to carry out analy-
ses with large-scale educational assessment databases (e.g., Cordero et al., 2018; Kaplan, 
2016; Rutkowski & Delandshere, 2016). Such is the case of PISA, PIRLS or TIMSS, for 
example. In fact, there are some studies in the literature that propose the use of propen-
sity score matching to study the causal effects of diverse educational factors on achieve-
ment, such as ICT use (Agasisti et  al., 2020), immigrant status (Arikan et  al., 2020), 
school climate (Rizzotto & França, 2022) or school ownership (Crespo-Cebada et  al., 
2014). However, there are very few studies that propose the use of this technique to 
analyze the efficiency of retention based on large-scale assessments (Ehmke et al., 2017; 
Goos et al., 2013).

The results of this study showed the possibility of finding a comparison group of 
retained students in terms of ESCS, early education, month of birth, gender, immigrant 
status, and the language spoke at home. These two groups showed significant differences 
in math, science, reading, and self-efficacy, suggesting that grade retention has a negative 
effect on academic outcomes. Students who were grade retained had significantly lower 
performance in PISA compared to their non-retained counterparts.

Our findings align with the existing literature on grade retention in Spain, reinforc-
ing the evidence that grade retention may not be an effective educational practice and 
may have significant negative consequences for students. By employing propensity score 
matching, our study contributes to gather additional evidence of the impact of grade 

Table 5  Cohen’s d Effect sizes

Outcomes Effect Size

Math − 1.18

Science − 0.98

Reading − 0.95

Self-Efficacy − 0.37
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retention compared to previous studies that primarily relied on non-causal focused 
methods  (e.g., Resino et al., 2019). Specifically, the large negative effect sizes observed 
in math (− 1.18), science (− 0.98), and reading (− 0.95), as well as the moderate effect 
on self-efficacy (− 0.37), suggest that retained students are at a pronounced disadvan-
tage relative to their non-retained peers. These results are consistent with prior research, 
such as that by Jerrim et al. (2022), López-Rupérez et al. (2021), and Rodriguez-Rodri-
guez (2022), which have highlighted the detrimental academic outcomes associated with 
grade retention. Our study expands on these findings by providing evidence via propen-
sity scores, suggesting the need to reconsider the efficacy of grade retention as a policy 
intervention. This consistency across different methodological approaches strengthens 
the importance of exploring alternative strategies to support students at risk of academic 
underperformance.

Table 6  Regression Analysis of Retention and Covariates on Academic Outcomes and Math Self-
Efficacy

Outcomes Covariate Beta Std.Error df T value p CI.Lower CI.Upper

Math Intercept 498.59 2.94 24.31 169.48  < 0.001 492.52 504.66

Retention − 82.57 1.72 24.68 − 47.99  < 0.001 − 86.12 − 79.03

ESCS 14.79 0.82 28.67 18  < 0.001 13.11 16.47

Early education 2.26 0.68 33.97 3.33  < 0.001 0.88 3.63

Migratory status − 11.35 2.41 52.94 − 4.71  < 0.001 − 16.19 − 6.52

Month of birth − 0.73 0.23 19.3 − 3.13 0.01 − 1.22 − 0.24

Gender − 18.77 1.74 22.89 − 10.78  < 0.001 − 22.37 − 15.16

Home language − 7.09 2.09 74.52 − 3.38  < 0.001 − 11.26 − 2.91

Science Intercept 509.73 3.6 23.25 141.52  < 0.001 502.29 517.18

Retention − 77.26 2.43 16.54 − 31.76  < 0.001 − 82.41 − 72.12

ESCS 13.49 0.80 80.69 16.89  < 0.001 11.9 15.08

Early education 2.58 0.70 40.46 3.70  < 0.001 1.17 3.99

Migratory status − 9.96 3.56 21.18 − 2.79  < 0.01 − 17.37 − 2.55

Month of birth − 1.00 0.28 22.08 − 3.61  < 0.001 − 1.58 − 0.43

Gender − 14.58 1.99 20.67 − 7.33  < 0.001 − 18.73 − 10.44

Home language − 16.33 2.8 28.95 − 5.84  < 0.001 − 22.05 − 10.6

Reading Intercept 491.78 3.36 50.56 146.44  < 0.001 485.04 498.52

Retention − 78.69 2.59 16.71 − 30.33  < 0.001 − 84.17 − 73.21

ESCS 14.83 1.03 28.93 14.44  <0 .001 12.73 16.93

Early education 1.09 0.75 141.91 1.45 0.15 − 0.39 2.57

Migratory status − 10.42 3.34 30.76 − 3.12  < 0.001 − 17.22 − 3.61

Month of birth − 1.05 0.36 14.41 − 2.92  < 0.01 − 1.82 − 0.28

Gender 15.16 2.02 23.24 7.5  < 0.001 10.99 19.34

Home language − 20.56 3.21 27.19 − 6.4  < 0.001 − 27.15 − 13.96

Self-efficacy Intercept − 0.11 0.03 72 − 3.95  < 0.001 − 0.17 − 0.06

Retention − 0.39 0.01 72 − 26.83  < 0.001 − 0.42 − 0.36

ESCS 0.12 0.01 72 15.37  < 0.001 0.11 0.14

Early education 0.03 0.01 72 3.87  < 0.001 0.01 0.04

Migratory status 0.05 0.02 72 2.52  <0 .01 0.01 0.10

Month of birth 0.00 0.00 72 − 0.87 0.39 − 0.01 0.01

Gender − 0.26 0.02 72 − 16.15  < 0.001 − 0.29 − 0.23

Home language 0.12 0.02 72 6.08  < 0.001 0.08 0.15
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Limitations and future perspective
Several limitations and future perspectives can be highlighted. One key limitation relates to 
the age of students in our analysis. Our research focuses on same-age comparisons, which 
provide a more appropriate counterfactual for assessing the efficacy of retention (Valbuena 
et al., 2021). By comparing retained students to their same-age peers in higher grades, we 
observed that retained students may be relatively disadvantaged, as they lack exposure to 
the same material covered by their non-retained counterparts. This misalignment raises 
concerns about whether retention truly provides students with the foundation they need 
to meet required competencies, as intended. Furthermore, the diminished self-efficacy 
observed in retained students suggests that the experience of retention may exacerbate 
existing challenges rather than resolve them. This issue may be particularly relevant for stu-
dents who have been retained in multiple grades, whereas the present study has treated 
grade retention as a dichotomous variable. While this methodological decision has allowed 
for a more concise and interpretable analysis, potential biases associated with it should be 
further examined in future research.

Finally, it is important to note that this study is based on a secondary analysis of PISA 
2022 data. This large-scale assessment has faced significant criticism, particularly regarding 
its non-curricular approach to measuring performance and the quality of the scales used 
to construct composite variables (e.g., Math Self-Efficacy, ESCS). Therefore, we should be 
careful with the results obtained, seeking in future studies to replicate them from other 
databases.

Future research could explore how teachers and schools make decisions about grade 
retention, particularly whether these choices are driven by academic performance or influ-
enced by factors such as behavior, health, or subjective perceptions. Understanding how 
school resources, teacher training, or regional policies impact retention practices could 
reveal patterns or biases in how retention is applied. Combining this analysis with studies 
on the long-term academic and non-academic outcomes of retention would provide a more 
comprehensive view of its effects and help identify ways to make policies more consistent, 
equitable, and effective.

In addition, when using a propensity score model researchers need to control for aspects 
that had occurred at the moment of the treatment, but not the outcome or factors that have 
been affected by the treatment. In our case, it would be the number of school changes, sci-
entific experience outside the school the time spent in class, the time spent in homework, 
or the reason to miss the class, which are variables that we did not have access to, and which 
could be affected by retention.

One limitation, not only of our study, but of propensity score matching is the lack of test-
ing for indicators of endogeneity, such as self-selection or reversed causality (Cordero et al., 
2018). A consequence of this is an overestimation of the negative effect of grade retention 
on academic performance. For example, our results might be biased if a large proportion of 
parents choose schools for their children attending to PISA scores. Fortunately, this is not 
the case in Spain, where most children go to a public school.
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Conclusion
The findings of this study carry significant implications for educational policy and ped-
agogical practice in Spain and potentially in similar contexts with high rates of grade 
retention. Firstly, given the evidence suggesting the negative effects of repeating a grade 
on academic performance, policymakers should reconsider the use of grade retention as 
the main strategy to remedy poor academic achievement. Alternatives such as intensive 
academic support programs, personalized tutoring, and differentiated teaching strate-
gies might offer more effective means to address the needs of at-risk students without 
incurring the social and emotional costs associated with grade retention.

In the classroom, educators and school administrators could use these findings to 
develop early interventions targeted at students exhibiting signs of academic or social 
difficulties. Such interventions could include closer monitoring of student progress, pro-
moting parental involvement, and applying inclusive teaching techniques that address 
the diverse learning needs of students.
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