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Resumen 
 

Los puntajes de la prueba de admisión de matemáticas en Chile han recibido constante atención debido a su 
fuerte asociación con el contexto educativo y los antecedentes socioeconómicos de los estudiantes. Este estudio 
analiza las relaciones entre los atributos socioeconómicos individuales de los estudiantes, las características de 
las escuelas y los puntajes obtenidos en la prueba de matemáticas del proceso de admisión a la educación 
superior chilena en 2022, empleando técnicas de modelamiento multinivel que cuantificaron diferencias intra- e 
inter-escolares en dichos puntajes. Los resultados revelaron efectos significativos del nivel socioeconómico del 
estudiante, la educación de los padres y el sexo biológico, además de efectos contextuales relevantes derivados 
de la composición socioeconómica de las escuelas. Particularmente, una mayor proporción de pares con ventajas 
económicas, padres con educación superior y estudiantes mujeres dentro de las escuelas estuvo asociado con 
puntajes más altos en matemáticas. Estos hallazgos resaltan la importancia del contexto socioeconómico en las 
evaluaciones estandarizadas y plantean preocupaciones sobre la equidad y justicia en el proceso de admisión 
universitaria en Chile. 

Palabras clave: Educación matemática; factores socioeconómicos; desigualdad educativa; admisión a la 
educación superior; análisis multinivel. 

Abstract 
 

Mathematics admission test scores play a critical role in Chilean higher education access, yet their strong 
association with students' socioeconomic backgrounds and school contexts has raised persistent concerns about 
equity and fairness in university admissions. In the Chilean admission system for selective universities, 
standardized test performance carries substantial weight in determining student placement, particularly in 
mathematics, making it essential to understand how individual and contextual factors shape these outcomes. 
Despite the test's intended purpose to measure mathematical knowledge and skills aligned with the national 
curriculum, research evidence suggests that scores systematically reflect socioeconomic stratification rather than 
purely academic merit. In this context, this study examines the complex relationships between student-level 
socioeconomic attributes, school-level characteristics, and mathematics test performance in the 2022 Chilean 
higher education admission process, employing multilevel analysis techniques to disentangle individual and 
contextual influences. 

Drawing on a comprehensive dataset of 253,380 students nested within 2,832 schools, this research quantifies 
both intra-school and inter-school variation in mathematics scores while examining how individual characteristics 
and school composition jointly predict math performance. The analytical approach utilized multilevel models that 
account for the nested structure of students within schools, allowing for simultaneous estimation of student-level 
effects (Level 1) and school-level contextual effects (Level 2). Key predictors included individual socioeconomic 
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status, parental educational attainment, biological sex, school type, and school-level aggregates of these 
characteristics representing the socioeconomic and demographic composition of the student body. 

Results revealed substantial and statistically significant effects across both levels of analysis. At the individual 
level, students from higher socioeconomic backgrounds, those with parents who attained higher education, and 
male students demonstrated significantly higher mathematics scores. These individual-level effects remained 
robust even after accounting for school-level variation, confirming their independent contribution to test 
performance. Critically, school-level analyses uncovered powerful contextual effects: schools with higher 
proportions of economically advantaged students, greater concentrations of parents with tertiary education, and 
increased representation of female students were associated with elevated mathematics scores for all students 
attending those institutions, independent of individual characteristics. These findings suggest that peer 
composition and the broader school environment exert considerable influence on math performance beyond 
individual student attributes. 

The variance decomposition revealed that approximately 24% of the total variation in mathematics scores 
occurred between schools rather than within them, underscoring the substantial role of educational context in 
shaping achievement. The multilevel models explained considerable proportions of this variation, with school-
level predictors accounting for approximately 77% of between-school variance and individual-level predictors 
explaining about 21% of within-school variance. These findings illuminate how Chilean schools function as socially 
stratified spaces where educational opportunities and outcomes are fundamentally shaped by institutional 
composition. 

The study's findings carry significant implications for educational policy and university admissions in Chile. The 
documented associations between socioeconomic characteristics and mathematics test performance challenge 
assumptions of objectivity and meritocracy in the current admission system. Results suggest that the 
mathematics test may inadvertently perpetuate existing social inequalities by systematically advantaging 
students from privileged backgrounds and well-resourced schools while creating barriers for equally capable 
students from disadvantaged contexts. 

Keywords: Mathematics education; socioeconomic factors; educational inequality; higher education admission; 
multilevel analysis. 
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 Introduction 

1.1. Admission Process to Selective Universities in Chile 

Among Chilean higher education institutions, selective universities are highly attractive to 

students due to their academic quality, diverse study options. exclusive programs, recognized 

degrees, and prestige amongst employers (Améstica et al., 2014). Consequently, thousands of 

students apply annually to these institutions, which have a unified admission process. Regular 

admission depends on a composite score derived from standardized admission tests in specific 

subjects and high school grades. Each university program assigns particular weights to these 

selection factors, and students are selected according to their position among applicants 

(Larroucau et al., 2015). 

Historically, programs have assigned great weight to the admission test scores (Rodríguez et al., 

2022a), especially in mathematics. However, this test (referred to as math throughout) has 

received substantial criticism due to its relationship with students’ individual and school 

characteristics (Catalán & Santelices, 2014), which some researchers consider an unfair barrier 

for students lacking good mathematics education (Jarpa & Rodríguez, 2017). 

1.2. Relationship Between Math Scores and Socioeconomic Attributes 

The math test is intended to measure students’ knowledge and skills in mathematics 

(Department of Educational Evaluation, Measurement, and Registration [DEMRE], 2022), 

aligning its questions with the national curriculum for primary and secondary education 

(DEMRE, 2023). Despite its psychometric properties (details are described in DEMRE, 2022), 

math scores have frequently shown a strong correlation with the socioeconomic attributes of 

the students and their schools. 

Local researchers such as Rodríguez and Jarpa (2015), and Vergara and Peredo (2017) have 

found a strong association between math scores and variables like gender, high school grades, 

family income, and parental education. One finding is repeated across admissions processes: 

Students from lower-income families whose parents did not attain higher education typically 

achieve lower math scores (Catalán & Santelices, 2014; Rodríguez et al., 2021). Additionally, a 

gender gap in favor of male students has been documented repeatedly (Arias, 2016; Díaz et al., 

2019). 

Criticism arises because such associations challenge the fairness of the math test, suggesting 

that it reproduces social inequalities from earlier educational stages into higher education 

(Jarpa & Rodríguez, 2017; Muñoz & Blanco, 2013). Similar gaps have been observed in national 
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and international standardized assessments, such as SIMCE, PISA, and TIMSS. International 

research underscores how female and socioeconomically disadvantaged students consistently 

achieve lower mathematics performance, revealing a broader systemic issue rather than one 

specific to Chile (León & Salazar, 2014; Schleicher, 2019; Vargas & Matus, 2022). 

School characteristics further amplify these differences among students. Studies by Alessandri 

and Peñafiel (2022), Antivilo et al. (2017), and Muñoz and Redondo (2013) show that students 

attending private and humanistic schools with a high proportion of socioeconomically well-off 

peers, score higher than the rest of the students in math. For this reason, some authors have 

argued that in Chile there are schools for the poor and others for the rich (Bellei, 2015). Chilean 

schools differ greatly in economic, pedagogical, and human resources, directly affecting their 

ability to prepare students adequately for standardized testing (Gayo et al., 2019; González, 

2017). 

International studies have documented educational segmentation as a global phenomenon 

affecting mathematics achievement. Research from the Organisation for Economic Co-

operation and Development (OECD, 2019) and the United Nations Educational, Scientific and 

Cultural Organization (UNESCO, 2020) points out that students in socioeconomically vulnerable 

schools often have unequal access to experienced teachers, advanced curricula, and supportive 

learning environments, which maintain or extend inequalities (Lamb & Fullarton, 2002; 

Reardon & Owens, 2014). 

Favorable educational contexts facilitate effective teaching, enhance study habits, and build 

positive expectations about higher education (Canales et al., 2016; Espinoza, 2017). Conversely, 

adverse conditions, such as limited pedagogical resources, poor school climate, and low 

student motivation, negatively influence student performance (Donoso et al., 2016). The school 

context has an effect on students that can reinforce or mitigate the effect of certain individual 

attributes, so it is important to separate both dimensions when analyzing math performance. 

To summarize, extensive evidence highlights the strong link between math scores, student 

socioeconomic attributes, and school contexts. This violates the assumptions of objectivity in 

the admissions process (DEMRE, 2022) and is a potential bias for student selection. This study 

aims to analyze the relationship between socioeconomic attributes and scores on the 2022 

math test. The leading research question was: Is there a relevant relationship between 

students’ socioeconomic and educational characteristics and scores on the 2022 math test? 

Furthermore, if so, what is the predictive capacity of these variables? 
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 Method 

2.1. Data  

The data corresponded to the 2022 admission process to selective higher education institutions 

in Chile. Students included in the dataset belonged to the Chilean educational system who were 

transitioning from secondary to higher education (that is why we refer to this group as students 

throughout). The data were collected and processed by the Department of Educational 

Evaluation, Measurement, and Registration (DEMRE) of the Universidad de Chile. The original 

database contained information about the students, their families, and their respective schools. 

Furthermore, additional contextual variables from the national repository of schools, managed 

by the Chilean Ministry of Education, were incorporated to enrich the dataset and provide 

comprehensive information about the students' educational context. 

2.2. Sample 

In 2021, 281,457 students registered to participate in the 2022 admission process. To keep the 

sample size constant across regression models and be able to assess their relative model fit, 

students with incomplete data were removed (different sample sizes between models affect 

their comparison), which decreased the sample size to 150,317. This means that missing data 

were treated as missing completely at random, which could be modified in future studies using 

multiple imputation techniques under the assumption of data missing at random (Enders, 

2022). 

After including the additional school variables in the DEMRE database, incomplete data were 

removed again, and schools with less than ten students were excluded from the sample to 

prevent school variables derived from student information from introducing some atomistic 

fallacy in the analyses. Thus, the final sample consisted of 147,562 students in 2,810 schools, 

which in the following sections are also referred to as units/observations and clusters, 

respectively. 

2.3. Variables 

In our study, level 1 (L1) of the multilevel models refers to the relationship between student 

characteristics and predicted math scores within a particular school. In contrast, level 2 (L2) 

refers to the relationship between school characteristics and predicted mean math scores 

across schools. Although our focus was the socioeconomic differences in math scores, 

biological student sex was also included, given its relevance in the analysis of math scores in 

Chile (e. g., in Arias [2016] and Arias et al. [2017]). 
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For students at L1, binary biological sex, quintile of family income, father’s education, mother’s 

education, ranking, and math scores were included. For schools at L2, type, sector, costs, 

school subsidy agreement (SEP), and participation in the program for access to higher 

education (PACE) were included. Table 1 shows the variables considered in the analysis. 

Table 1 

Description of the measures included 

Variable Description Descriptives 

Student attributes 

Graduation Year of student's graduation. < 2020 = 12.76% 

2020 = 18.63% 

2021 = 68.61% 

Biological 

sex 

Biological sex declared by students Male = 42.94% 

Female = 57.06% 

Family 

Income 

Quintile 

Quintile of family income, created by DEMRE Quintile 1 = 33.30% 

Quintile 2 = 18.00% 

Quintile 3 = 12.80% 

Quintile 4 = 18.53% 

Quintile 5 = 17.37% 

Father 

Education 

The educational level of the father Primary = 16.36% 

Secondary = 53.21% 

Higher education = 30.34% 

Mother 

Education 

The educational level of the mother Primary = 13.55% 

Secondary = 56.13% 

Higher education = 30.32% 
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Ranking 

score 

Score of the student's GPA in their educational 

context 

Range = 187.00 – 850.00 

Mean = 635.34 

SD = 125.17 

Math score Student scores on the math test Range = 150.00 – 850.00 

Mean = 505.16 

SD = 109.47 

School attributes 

Type 

 

Type of education offered by the school Technical = 22.52% 

Humanist = 77.48% 

Sector 

 

Administration of the school Public = 32.71% 

Private Sub. = 55.65% 

Private = 11.64% 

Costs 

 

Associated tuition or fees No = 61.58% 

Yes = 38.42% 

SEP 

 

Public financing by SEP law No = 29.20% 

Yes = 70.80% 

PACE 

 

Participant in the Access to Higher Education 

Program 

No = 83.98% 

Yes = 16.02% 

Note. Sub. = Subsidized; SEP = Preferential School Subsidy; PACE = Access to Higher Education 

Program; n students = 147,562.      

2.4. Procedure 

All model parameters were estimated using restricted maximum likelihood (REML) in R v.4.2.3 

(Posit team, 2023) with the functions in the lme4 package (Bates et al., 2015). The statistical 

significance of the fixed effects was evaluated at chosen α < .01. Relative model fit involving 

fixed effects was assessed via univariate or multivariate Wald tests using Satterthwaite 
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denominator degrees of freedom. The statistical significance of random effects was assessed 

through deviance tests (−2ΔLL), which compares the sample Log-Likelihood of two nested 

models using a 𝜒2 distribution with degrees of freedom equal to the difference in the number 

of model parameters between competing models (Snijders & Bosker, 2012). 

Effect sizes for the fixed effects were computed as r or Cohen’s d indices (i.e., from the t-test 

statistic and estimated denominator degrees of freedom for each fixed effect). Contrasts 

between fixed effects were calculated as linear combinations using the lmertTest package 

(Kuznetsova et al., 2017). 

A validation set approach was used to explore the accuracy and replicability of our results 

(James et al., 2013). This means that the sample was randomly halved at the schools’ level. The 

training sample consisted of 72,968 students distributed in 1,405 schools, and the validation 

sample consisted of 74,594 students nested in 1,405 schools. In both datasets, students had 

similar characteristics. 

Finally, as suggested by Rights and Sterba (2019), total, within-cluster, and between-cluster 

multilevel R2 measures were estimated, which have similar interpretations to the traditional R2 

measure of single-level regression models: proportion of the respective variance component 

accounted for by the fixed effects. These estimates were computed using the r2mlm package 

(Shaw et al., 2023). 

 Results 

As a first step, fitting an empty multilevel model for the dependent variable is optional but 

highly advisable (Hoffman & Walters, 2022). This model predicted the overall math score in the 

sample. The L1 residuals and the L2 random intercepts are random variables assumed to be 

independent and normally distributed with mean 0 and estimated constant variances, which 

served as the reference to compute R2 measures. 

In the training dataset, adding a random intercept significantly improved the fit of the empty 

model for math, −2ΔLL (1) = 21,94, p < .01. This indicated that the educational context was 

relevant (i.e., there were substantial differences in average math scores between schools). In 

fact, the intraclass correlation index (Hox et al., 2017) was .31, which means that approximately 

31% of the total variance of math scores in 2022 was attributable to mean differences between 

schools (i.e., school attributes can account for up to 30% of the variability in math scores). 

Other empty models were fitted for L1 predictors, given that individual variables can also have 

significant variance between clusters (Raudenbush & Bryk, 2002). Individual predictors, like the 

outcome, can exhibit systematic variance between clusters that must be controlled for in the 
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model to avoid conflated or smushed fixed and random effects, which lead to conceptual and 

statistical errors (Curran et al., 2012; McNeish & Kelley, 2019; Yaremych et al., 2023). 

As shown in Table 2, all L1 predictors had statistically significant variance at L2 (as reported by 

the −2ΔLL tests), ranging from 15–38% of their total variance. This means that each of these 

predictors had within- and between-school differences. Consequently, we added their school 

means as predictors at L2 to separate both sources of information (Hoffman, 2019). Otherwise, 

we would estimate smushed fixed effects at L1, i.e., weighted combinations of the within- and 

between-school fixed effects for each predictor (Hoffman & Walters, 2022; Rights & Sterba, 

2023). 

Table 2 

Summary of empty multilevel models for level 1 variables 

Predictor  Unconditional ICC  −2ΔLL p < 

Sex  .21  .01 

Family Income Quintile  .24  .01 

Education Father  .38  .01 

Education Mother  .32  .01 

Ranking  .15  .01 

Note. ICC = intraclass correlation; n students = 72,968; n schools = 1,405. 

The student predictors were school-mean-centered to estimate within-school fixed effects at 

L1, whereas the L2 predictors were constant-centered to estimate between-school fixed effects 

(McNeish & Kelley, 2019). This was useful for holding constant the marginal frequencies of the 

non-compared categories in the figures showing within- and contextual fixed effects. 

Table 3 shows the results of the multilevel model with the best relative fit. Importantly, 

although the model was fitted using between-school fixed effects at L2, some of them were 

then transformed into contextual fixed effects, which had a more practical interpretation for 

this study and allowed us to test whether the characteristics of the educational context had an 

incremental contribution to the prediction of math (controlling for the original values of each L1 

predictor among students). 
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Table 3 

Results of the multilevel model predicting 2022 math scores 

Predictor Estimate  SE  Cohens’ d  Partial r 

Level 1        

Intercept 536.41  11.44  -  - 

Sex 

Male 

Female CMC 

 

Ref. 

−34.05 

  

- 

0.72 

  

- 

−3.24 

  

- 

- 

Family Income Quintile 

Quintile 1 

Quintile 2 CMC 

Quintile 3 CMC 

Quintile 4 CMC 

Quintile 5 CMC 

 

Ref. 

−0.70 

−3.23 

−7.15 

−7.28 

  

- 

0.91 

1.02 

0.91 

1.06 

  

- 

−0.01 

−0.02 

−0.06 

−0.05 

  

- 

- 

- 

- 

- 

Education Father 

Primary 

Secondary CMC 

Higher Education CMC 

 

Ref. 

6.25 

17.31 

  

- 

0.95 

1.19 

  

- 

0.05 

0.11 

  

- 

- 

- 

Education Mother 

Primary 

Secondary CMC 

Higher Education CMC 

 

Ref. 

3.43 

8.20 

  

- 

1.01 

1.22 

  

- 

0.02 

0.05 

  

- 

- 

- 

Ranking CMC / 10 3.46  0.03  -  0.43 
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Level 2        

School Type 

Technical 

Humanist 

 

Ref. 

18.40 

  

- 

1.46 

  

- 

0.19 

  

- 

- 

School in PACE 

No 

Yes 

 

Ref. 

−9.93 

  

- 

2.56 

  

- 

−0.21 

  

- 

- 

Sex 

Prop. Female − .50 

 

14.06 

  

5.16 

  

- 

  

0.07 

Family Income Quintile 

Prop. Quintile 2 − .50 

Prop. Quintile 3 − .50 

Prop. Quintile 4 − .50 

Prop. Quintile 5 − .50 

 

32.39 

17.39 

−5.67 

87.91 

  

13.00 

15.76 

11.89 

11.15 

  

- 

- 

- 

- 

  

0.06 

0.03 

−0.01 

0.20 

Education Father 

Prop. Secondary − .50 

Prop. Higher Education − .50 

 

−1.01 

32.86 

  

11.79 

15.24 

  

- 

- 

  

−0.00 

0.05 

Education Mother 

Prop. Secondary − .50 

Prop. Higher Education − .50 

 

31.94 

66.63 

  

12.90 

16.77 

  

- 

- 

  

0.06 

0.10 

[SM Ranking – 600] / 10 −0.37  0.21  -  −0.05 

R2 measures        

Fixed effects at level 1        
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Total 

Within 

Fixed effects at level 2 

Total 

Between 

.14 

.21 

 

.23 

.77 

Note. Prop. = Proportion; SM = school mean; Bold estimates had associated p-value < .01; n 

students = 72,968; n schools = 1,405. 

Our best-fit model had an estimated fixed intercept equal to 536.40, which was the expected 

math score for reference students in the reference school. At L1, female biological sex (male 

was the reference) had a significant fixed effect, in which the average performance of females 

on math was estimated to be 34.05 below the average performance of their male peers in the 

same school. According to its effect size, this difference between groups was large (Cohens’ d = 

−3.24). In addition, biological sex was the only L1 predictor whose random slope improved the 

relative fit of the model. This means that the estimated female disadvantage in math varied 

significantly across schools. 

We can use the random slope variance for biological sex to construct a 95% confidence interval 

for its fixed effect. This interval reflects the estimated variation of the slope across schools. 

Concretely, 95% of the schools were predicted to have gender gap in math between −48.81 

and −19.29, always in favor of males. 

The proportion of females in the school had a positive incremental effect on math scores after 

controlling for students’ biological sex. For instance, if we were to move a female student to an 

all-female school, her predicted math score would be higher by 14.06 (as compared to being 

moved to an all-male school and holding the rest of the variables constant). 

As some readers may infer, the interpretation of the contextual fixed effects of proportions is 

hard to follow. As Yaremych et al. (2023) mentioned, the hypothetical contexts for proportions 

are not always intuitive or possible. For this reason, we divided the contextual fixed effects by 

10 to interpret them as the change in the predicted math for each 10% more students with a 

given characteristic in the hypothetical new school context. Returning to the contextual fixed 

effect of biological sex, if we were to move a female student to a new school, the model 

predicted a higher math by 1.40 for every 10% more females in that new school context. 
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In Figure 1 (and similarly structured Figures 2, 3, and 4), the slopes along the x-axis represent 

the within-school fixed effect of biological sex across different types of schools (in terms of 

student composition). In contrast, the distance between the slopes on the y-axis conveys its 

contextual fixed effect. Concretely, Figure 1 shows the negative fixed effect of biological sex at 

L1. However, as the proportion of females in the educational context increases, so do the 

predicted math (i.e., a positive contextual fixed effect). 

Figure 1 

Within and contextual fixed effects of sex on 2022 math scores 

 

The per capita income quintile of the student’s family had significant fixed effects (quintile 1 

was the reference). At L1, the average math of students from quintile 1 was higher than that of 

their peers from other quintiles in the same school (as shown by the negative regression 

coefficients in Table 3). The largest differences were between students in quintile 4 and quintile 

5 relative to students in quintile 1, in the same school. The size of each fixed effect of family 

income quintile was small. 

At L2, the contextual fixed effects of the per capita income quintile of the student’s family were 

significant for quintiles 2 and 5. This means that only the proportion of students in quintiles 2 

and 5 (relative to the proportion of students in quintile 1) had an incremental contribution in 

predicting math. For instance, considering the fixed effect of quintile 5, if we were to move a 

student to a new school (holding the rest of his/her attributes constant), for every 10% more 

peers with families in quintile 5 in that school, their expected math would be higher by 8.79. 

Figure 2 illustrates these differences between first- and fifth-income quintile students in 

schools with different proportions of fifth-quintile students. 



SOCIOECONOMIC FACTORS AND SCHOOL CONTEXT IN MATH ADMISSION TEST SCORES IN CHILE: A 
MULTILEVEL ANALYSIS 

259| 
 

Figure 2 

Within and contextual fixed effects of family income quintile on 2022 math scores 

 

The father's educational level had significant fixed effects at L1, although of low and moderate 

effect sizes. Students from the same school with fathers who achieved secondary and higher 

education rather than only primary education were predicted to have higher average math by 

6.25 and 17.31, respectively. In addition, the fixed effect of parents with higher education was 

significantly larger than that of parents with secondary education within schools (Est = 11.06, 

SE = 0.86, p < .01). 

At L2, the contextual fixed effect of fathers’ secondary education was not significant; However, 

the proportion of students whose fathers attained higher education did have a significant effect 

on the prediction of math. This incremental contribution means that if we move one student to 

a new school, their predicted math would be higher by 3.28 for every 10% of peers whose 

parents achieved higher education in the new educational context (holding the rest of the 

attributes in the model constant). Figure 3 shows both the within-school and contextual fixed 

effects across illustrative schools. 
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Figure 3 

Within and contextual fixed effects of education father on 2022 math scores 

 

The fixed effects of the mother’s education level were significant at both levels of the model. At 

L1, students whose mothers achieved secondary or higher education were predicted to have 

higher average math by 3.43 and 8.20, respectively, relative to their peers in the same school 

whose mothers had only primary education. In addition, the benefit of higher mother 

education in math relative to secondary education was significantly larger (Est = 4.77, SE = 0.83, 

p < .01). 

At L2, both contextual effects of the mother’s education level were statistically significant. The 

incremental contribution of both fixed effects was positive, so the model predicted higher math 

scores for students in schools with more educated mothers. For example, controlling for 

mother’s education at L1, students moving to a new school would have higher math by 6.66 for 

every 10% of peers whose mothers attained higher education. Figure 4 shows both the within-

school and contextual fixed effects across illustrative schools. 
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Figure 4 

Within and contextual fixed effects of education mother on 2022 math scores 

 

In the case of ranking scores, for every 10 points (the predictor was divided by 10) that 

students had above their school mean ranking score, the model predicted higher math by 3.46, 

with a large effect size. This predictor did not have a significant contextual effect (and so a 

figure was not included). 

Concerning the two purely school-level variables that remained in the model, humanist schools 

were predicted to have significantly higher average math than technical schools. Non-PACE 

schools scored, on average, 9.93 points higher than PACE schools. 

Regarding the effect sizes of our model, two R2 measures were calculated as suggested in 

Rights and Sterba (2019). L1 fixed effects accounted for 14.40% of the total variance of math, 

whereas L2 fixed effects accounted for 23.50% of its total variance. Together, the fixed effects 

of the final model accounted for 37.90% of the total variance in math scores. In addition, L1 

fixed effects accounted for 20.60% of the residual variance, whereas L2 fixed effects accounted 

for 77.3% of the random intercept variance. 

Finally, we fitted our final model in the validation dataset. The unconditional ICC for math was 

.28. The fixed effects at L1 and L2 were similar in direction, magnitude, and statistical 

significance to what we found in the training dataset. As for the R2 measures, L1 fixed effects 

accounted for 14.20% of the total variance of math and 19.50% of the residual variance; L2 

fixed effects accounted for 21.40% of the total variance of math and 77.80% of the random 

intercept variance. Together, the fixed effects accounted for 35.60% of the total variance in 

math. 
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 Discussion 

In the present study, we found that about one-third of the variability in 2022 math could be 

attributed to differences between schools (as found in both the training and validation data 

sets). This finding is in line with previous evidence about the relevance of individual and school 

variables for admission test scores, especially in math and language. For example, Rodríguez 

and Padilla (2016) and Rodríguez et al. (2022b) have found that performance on admission 

tests in Chile is strongly correlated with students’ socioeconomic and school characteristics. 

Similarly, Botella and Ortiz (2018) have shown that the results of some standardized math and 

language tests used in primary and secondary education by the Chilean Ministry of Education to 

measure education quality also vary according to the socioeconomic profile of the students and 

the school they attended. In this sense, the differences in math found in this study could be 

considered an extension of those observed in primary and secondary education. As Faúndez et 

al. (2017) have argued, the results of the admission tests have shown strong correlations with 

the cultural, social, and economic capital of the students and their schools. 

Individual and school attributes of the students, such as gender, family income quintile, and 

school sector, provide relevant information to understand educational outcomes in primary 

and secondary school, in addition to the results in the admission tests (Rodríguez & Jarpa, 

2015). On top of that, they have also been shown to be relevant predictors for analyzing 

academic performance during the first years of college. For instance, Kri et al. (2013) and Manzi 

and Carrasco (2021) have shown a substantive relationship between academic performance 

and socioeconomic individual and school attributes among first-year students in some public 

universities. 

In short, different research findings have found strong correlations between educational 

outcomes and individual and school predictors. However, these analyses are usually based on 

descriptive statistics or single-level regression models. Our results have shown that individual 

and school attributes matter simultaneously, especially features of the educational context—

which had incremental contributions in predicting math. 

The heterogenous female disadvantage in math found here is in line with previous research. 

For example, Arias (2016) and Díaz et al. (2019) have shown that in recent years, the average 

performance of females has been lower than that of males on the math admission test. 

Moreover, Mizala (2018) and Vargas and Matus (2022) have shown that in the SIMCE, TIMSS, 

and PISA tests applied in Chile, the average performance of females in math has been below 

the average performance of males. 
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This gender gap in math has been analyzed from different perspectives. In the Chilean context, 

authors such as Cervini et al. (2015) and Mizala (2018) have argued that there are generalized 

stereotypes that link males with math and females with reading, which are implicitly accepted 

and shared among parents, teachers, and students. Moreover, authors such as Del Río et al. 

(2016) and Fernández and Hauri (2016) have argued that males and females have had 

differentiated access to social and cultural resources that encourage the learning and use of 

math. 

Other studies have explored the relationships between motivation, logical intelligence, gender, 

and math achievement. They show that, for their respective samples and instruments, males 

perceive themselves as more prepared for math than females and tend to achieve better 

educational results in math tests than female students (Cerda et al., 2011). The present study 

showed that gender gap in math is heterogeneous across schools, although constantly in favor 

of males. 

The contextual fixed effect of the proportion of females in the school allowed us to explore the 

incremental contribution of gender on math prediction. After controlling for the biological sex 

of the students, the higher the proportion of females in the school, the higher the predicted 

math. 

The positive contribution of women in the educational context could be linked to studies on 

school climate and gender, as these have suggested that the proportion of women in the 

classroom and school is correlated with better teaching conditions for teachers and learning 

conditions for students, which may, in turn, facilitate math learning (Villalobos et al., 2016). In 

addition, some studies have suggested that women would be more willing to cooperate with 

their peers than men to study (Inglés et al., 2012), which could help learn and practice math in 

the classroom. 

Using the family per capita income quintiles constructed by DEMRE, we found that the fixed 

effects of income among students in the same school were negative, such that students in 

quintile 1 were predicted to score higher than their peers in higher quintiles. This is a notable 

finding, given that other research has instead shown that as the economic group of the family 

increases, so do the individual scores in the admission tests (González et al., 2017; Rodríguez & 

Padilla, 2016). 

A recurrent finding in Chilean educational research is that as household income increases, so 

do students’ educational and learning opportunities, which translates into educational 

experiences with diverse levels of theory and practice of curricular content (Bellei et al., 2020). 

Given that the admission tests are elaborated according to these contents, it is not surprising to 
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find that those who obtain the lowest scores are the students classified in the most vulnerable 

economic groups who studied in poor quality schools (Bellei et al., 2010; Jarpa & Rodrıǵuez 

2017; Rodrıǵuez et al., 2020). 

In our study, the effect of the family income quintile was contrary to the common literature 

findings; However, the proportion of fifth-quintile students in the school had a positive 

contextual effect on math prediction. Attending a school with more peers classified in the fifth 

quintile relates to significantly higher math scores. This finding aligns with other studies, 

especially those that analyzed the relationship between school economic classification and 

school averages in admission tests (Farías & Carrasco, 2012). 

This apparent contradiction in the fixed effects of family income quintile at L1 and L2 could be a 

consequence of the estimation of conflated fixed effects in previous studies, which did not use 

models that correctly disaggregate intra- and inter-school relationships. This could be reviewed 

in future methodological reviews of the topic. 

Parent education showed similar results to those found in other studies: Generally, the higher 

the parents’ education, the higher the predicted math. In various studies, these predictors have 

shown strong correlations with students’ interest in learning mathematics and language, study 

habits at home, performance on standardized tests, and educational choices upon entering 

higher education (Donoso et al., 2016). 

A higher father’s education significantly predicted higher math scores among students. While it 

could be argued that the more educated the father, the more motivated or supported students 

may be to learn math at home and school, it is not easy to find studies focusing specifically on 

the relationship between a father’s education and student math achievement. In contrast, 

studies documenting the positive relationship between a mother’s education and math 

learning and performance, or between parents’ education and performance on standardized 

tests, are relatively easy to find in the literature. 

Regarding the contextual fixed effects of parent education, the proportion of mothers with 

higher education in school predicted significantly higher math scores. This finding can be linked 

to other studies that have also found a positive effect of the mother’s education on learning 

and performance in math in high school and the admission process (Mizala, 2018). As other 

researchers have pointed out, educated mothers tend to encourage their children to study and 

learn math at home and school (Cervini & Dari, 2009; Del Rio et al., 2016), which can have 

additional effects on the student’s educational community. 

The likely greater involvement of mothers in their children’s education also means that they are 

the family members who participate most in school activities and organizations (Pincheira, 
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2010; Sánchez et al., 2016). Given this background, we can assume that the presence of 

educated mothers in the school generate an adequate environment for student learning. 

Finally, as shown in Table 3, the fixed effects of the predictors at L1 and L2 accounted for 35% 

of the total variability of the 2022 math scores, including approximately 75% of the differences 

between schools (in both the training and validation data sets). This is a substantial finding, 

given that most of the predictors represented non-academic attributes, which, in theory, 

should not be related to the math admission test scores. 

4.1. Limitations of the Study 

Before concluding, it is pertinent to mention two limitations that affect the scope of our 

findings. First, regarding missing data, approximately 133,895 students (47.57% of the original 

sample) were excluded due to missing information on selected predictors. These cases were 

removed to maintain consistency and comparability across regression models and to ensure 

accurate evaluation of relative fit. While their exclusion was based on missing predictor 

information rather than explicitly socioeconomic characteristics, we recognize that this 

substantial reduction in sample size could limit the generalizability of our findings. Future 

analyses might consider applying robust multiple imputation methods to retain more 

participants. 

Second, the interpretation of the contextual fixed effects has some limitations, given that the 

school means and proportions derived from individual predictors were an imperfect 

representation of school predictors. More school predictors are needed to improve this. 

 Conclusion 

Our results revealed significant relationships between socioeconomic attributes of students 

and their schools and 2022 math scores, which are evidence of potential problems in how math 

measures students' abilities and knowledge. Characteristics such as the biological sex of the 

students, their parents' education, and their family's economic income quintile were relevant 

predictors of scores. In addition, the characteristics of the educational context showed an 

incremental contribution to score prediction after controlling for students’ attributes. In other 

words, the composition of the school in terms of the proportion of females, educated parents, 

and high-income families were relevant contributors to the model’s predictions. Generally, the 

better these attributes were among students and in the educational context, the better the 

predicted scores. 
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