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Educational inequalities in access to higher education are constituted by multiple intersecting factors that impact equity and the pursuit of tertiary studies. This study seeks to explore the disparities related to gender, socioeconomic level, rurality or urbanicity, and academic trajectory of 202,688 Chilean students who graduated from high school in 2016, to elucidate how these variables generate intersections that impact access to higher education. To carry out the analysis, an intersectionality approach was considered and an innovative quantitative model called the Multilevel Analysis of Individual Heterogeneity and Discriminant Accuracy (MAIHDA) model was applied, which allows for entering multiple variables to generate a complex analysis of their interactions. The results showed that a large amount of variance (20%) in math scores is explained by the aforementioned variables. These are socio-demographic variables, which ideally should not be indicative of one’s academic performance. It was also found that males, students of higher socioeconomic status, those from urban areas, and those with more favorable academic trajectories tend to have higher test scores. In addition, relevant interactions and mutual reinforcement between variables were identified. These results highlight the need to address the barriers and inequalities certain groups face in accessing higher education.
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1 Introduction

The United Nations (UNESCO, 2022) declares that “Ensure[ing] inclusive and equitable quality education and promote[ing] lifelong learning opportunities for all” is crucial for sustainable development. Equity in access to higher education is a key aspect of this goal. Higher education has expanded during the last few decades worldwide, however, gaps in access to higher education continue to persist across multiple social groups (Valenzuela and Yáñez, 2022). This paper explores the continued differences in access across gender, socioeconomic levels, levels of rurality or urbanicity, and across school tracks and the ways in which these groupings intersect to shape the reality of educational access for individuals. The international evidence for countries in the Organization for Economic Cooperation and Development (OECD) shows that the historical gender gap in favor of men has reversed, as the number of women who access higher education has increased consistently over the last few decades (OECD, 2021). In 2019, an average of 51% of 25–34 year-old women across OECD countries held a higher education degree, compared to 39% of men. However, gender segregation in certain fields of study persists, with women being widely under-represented in STEM programs - usually associated with higher monetary returns (Arcidiacono, 2004) -, while they are over-represented in education, humanities, arts and health (OECD, 2017).

Socioeconomic gaps are present and well-established in the pathway to higher education. There is increasing evidence that they are large and widening in different national contexts (Haveman and Smeeding, 2006), such as South Korea, where access to higher education is a function of the student’s income level and/or family wealth (Lee and Vignoles, 2022).

Urban/rural gaps in access to higher education are under-researched (Trahar et al., 2020). Diagnostics identify disadvantages for students from rural sectors explained mainly by differences in socioeconomic status and access to services (Wells et al., 2019). Wells et al. (2019) show that in the United States, rurality gaps in access to postsecondary education have decreased, but persist in a changing rural context; while other studies have found persistent and significant gaps in access to higher education in other international contexts (Chankseliani et al., 2020). However, some studies find positive aspects of the rural context, as it may be associated with a protective context where students have more social resources and greater understanding, due to stronger connections within the community (Byun et al., 2012).

Regarding gaps in the schooling trajectory, studies show that this influences students’ access to post-secondary education (Frempong et al., 2012), with students from a general baccalaureate having a greater advantage over a technological baccalaureate (Duru-Bellat et al., 2008; Navarro-Cendejas, 2020). There is also evidence that the career and technical education (CTE) track may provide an opportunity to keep certain students engaged who may not be as inclined to perform well in traditional academic secondary schools and that CTE schools can lead to improved outcomes in terms of persistence and college enrollment rates (Brunner et al., 2021).

Chile is an interesting context to explore gaps in access to higher education because a series of reforms have been implemented over the last few decades to promote more inclusive and diverse student compositions. However, several educational gaps persist (Valenzuela and Yáñez, 2022). Currently, secondary education is primarily divided into two tracks: the Humanist-Scientific (H), focused on teaching traditional areas of knowledge for continuity to higher education, and the Technical-Professional (T), focused on teaching a specialty, for early access to the labor market (Sepúlveda and Valdebenito, 2019). Students from both tracks can access higher education through participation in a centralized admission system. The system selects students based on their academic performance in high school and the results achieved in a battery of standardized tests at the end of secondary education (language, math, natural sciences, and social sciences) (Santelices et al., 2018). After the tests, students can apply simultaneously to the main Chilean universities (in 2022 there were 45 universities) in a prioritized list according to their preferences and will be assigned optimally, in their best available option according to their scores.

Aligned with the international evidence, Chile shows that women are more likely to enter tertiary education before age 25 than men. At the same time, men are more likely to apply to and enter selective STEM programs (Bordón et al., 2020) and to have higher scores in science and mathematics admission tests (Alessandri and Peñafiel, 2022). Rurality status, socioeconomic status, and school track are important determinants of academic success in Chile. Regarding the impact of rurality on access to the tertiary system, the few existing studies show that students from rural secondary schools have lower scores on admission tests (Contreras et al., 2016). In turn, scholars have found that the results of the admission tests reproduce the socioeconomic inequalities carried over from previous formative levels, leading to gaps by socioeconomic status (Farías and Carrasco, 2012). Regarding the effect of school trajectory on continuity in higher education, studies indicate that students from T-mode schools obtain a lower performance in relation to their counterparts from H-mode schools (Farías and Carrasco, 2012).

Gender, urban/rural status, socioeconomic level, and school track have the potential to interact in complex ways (Byun et al., 2012; Wells et al., 2019; Brunner et al., 2021). For example, studies of student trajectories in CTE schools have found differences in the effect of enrollment across socioeconomic status and by gender, with lower-income and male students benefiting more from CTE programs for their educational trajectories than their higher-income female counterparts (Brunner et al., 2021). Therefore, it is necessary to consider an intersectionality approach to study the effects of these variables on access to higher education. The term intersectionality was first used to analyze the complex nature of black women’s marginalization (Crenshaw, 1989) to show how exclusion is not only shaped by social class, gender, race, or other social categories alone but is a situation of structural disadvantage that involves the overlapping of all of them. Usually, to study intersectionality, statistical models include interactions between the independent variables; however, this approach is not always useful because it is easy to have many combined categories, producing estimation and interpretation problems. Authors have raised concerns regarding intersectional analyses that fall into an ‘additive approach,’ which sees discrimination factors, such as class, gender, race, and others, as operating independently rather than being interrelated. For example, Yuval-Davis (2007) suggests that a better approach to understanding intersectionality is that of a “mutual constitution,” which does not seek the “union” of factors of discrimination and power, but argues that these factors of “triple oppression” are “mutually constitutive of each other” (Yuval-Davis, 2007, p. 565). Another example is the concept of “‘mutual shaping” (Walby et al., 2012), which attempts to maintain the “naming of each inequality while recognizing that it is affected by engagement with others” (Walby et al., 2012, p. 235). A novel approach to estimate intersectional effects is the Multilevel analysis of individual heterogeneity and discriminatory accuracy (MAIHDA) models (Evans et al., 2024). These models introduce random effects for modeling the social strata generated by the intersection of categories from the predictor variables. This strategy is useful for overcoming problems associated with the classical regression approach because they model the interactions with parsimony and has several statistical advantages, for example, it allows the researcher to consider the likelihood of finding individuals with the characteristics being examined. MAIHDA models have been used in several domains of health research (for example health inequalities research, precision medicine and public health) (Evans et al., 2024). There is a research call to use these models for explaining educational inequalities (Keller et al., 2023).

Based on the above, we aim to answer the following research questions:

• To what degree do complex interactions between gender, rurality, income, and track explain the differences in mathematics test scores for university entrance in Chile?

• Which interactions between these social categories are more salient to explain differences in mathematics test scores?



2 Method


2.1 Sample

The sample comprises 202,688 students who graduated from secondary school in 2016 and registered for the university selection test. We used databases from the Department of Educational Measurement and Registration (DEMRE), the agency in charge of the centralized access system (DEMRE, 2017a). In addition, we used data from the 2017 census provided by the National Institute of Statistics [INE] to characterize the districts where students live and estimate the rurality index (INE, 2017).



2.2 Variables

The selection of variables was made based on the literature review regarding relevant factors associated with access to university, and some methodological limitations were considered. First, despite the MAIHDA model’s advantages in dealing with several categorical variables, we limit the number of variables to obtain interpretable results. Also, our definition of rurality is a new proposal that needs further validation.

Standardized mathematics university admission test scores: this variable corresponds to the standardized scores from the mathematics test applied to enter the university. Psychometrics characteristics of the test can be found in (DEMRE, 2017b).


2.2.1 Gender

Gender came from administrative records and could have only two values, female or male, 52.6% of the sample was characterized as female.



2.2.2 Family income

This variable indicates the family income quintile according to the national income distribution. Originally, it was defined according to 10 decile levels, and it was recodified in 5 quintiles. The q1 corresponds to 31.6% of the sample, q2 to 30%, q3 to 17.5%, q4 to 10.3%, and q5 to 10.7%.



2.2.3 Academic track

This variable indicates the student’s school track followed in secondary education. The students from the academic track correspond to 71.3% of the sample, and those from the technical track to 28.7%.



2.2.4 Rurality

Rurality was defined using individual-level variables and information of the district of origin of the student to estimate the Students in the Access to Higher Education Rurality Index SAHE-RI (Giaconi and Varas, 2019). This index was designed in a previous study to have a multivariate view of rurality using confirmatory factor analysis models. The variables that define the index came from two sources. First, from records of the system that manages access to Chilean universities, we obtained the economic activity of the student’s parents’ occupation, these variables were coded as 1 if the parent worked in the agricultural area or 0 if not. The second source provided variables that characterize the district where the student resides and were obtained from the Census database. They include Population density, measured as people/km2; official rurality, the percentage of rural people as defined by the Chilean Census; access to services, the percentage of people with access to the public sewage network; university population, the percentage of people with a university degree; and economic activity as a percentage of the agricultural population. To use the MAIHDA model, we defined the following categories:

• R1: Students in an urban context or low rural level, corresponding to quartiles 1 and 2 of the SAHE-RI (51.4%). Quartiles 1 and 2 were collapsed into one category because the index is very asymmetric, with a large part of the population having urban characteristics.

• R2: Students in a medium rurality level, corresponding to being in the third quartile of the SAHE-RI (23.6%)

• R3: Students in a high rurality level corresponding to quartile 4 of the SAHE-RI (25%).

Strata variable: The categories from gender, family income, rurality, and school track were combined to generate a categorical variable indicating the intersected social categories. This variable had 2*5*3*2 = 60 possible values.




2.3 Analysis

We implemented the MAIHDA approach according to the guidelines of (Keller et al., 2023). First, we estimated the simple intersectional model (Model 1) defined as
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Where [image: image] is the standardized mathematics university admission test score of student i that belongs to strata j. With this model, we can calculate the variance partition coefficient (VPC) as
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The VPC represents the percentage of the variance of [image: image] that is explained by the strata. It is considered a global measure of intersectionality.

Then, we added additive effects of the explanatory variables ([image: image], [image: image],[image: image], [image: image]), defining the intersectional interaction model (Model 2)

[image: image]

With this model, we can calculate the adjusted VPC ([image: image]), which is also a global measure of intersectionality and provides information regarding the strata-level variance that is due only to complex interaction effects. Also, we can calculate the proportional change between strata variance after adding additive effects (PCV).

[image: image]

Finally, the random effects in Model 1 and Model 2 were estimated to measure the effect of each stratum (Figures 1, 2). These are precision-weighted estimates that consider the sample size of each stratum. The analyses were performed in R version 4.04, and the multilevel models were estimated with the lmer function of the lme4 package version 4.1.2 (Bates et al., 2015).

[image: Figure 1]

FIGURE 1
 Precision weighted estimates of the standardized mathematics test scores residual for each stratum in Model 1 with 95% credible intervals. F, Female; M, Male; A, academic track; T, vocational track; R1-R3, Rurality groups (increasing rurality); q1-q5, income quintiles. Each marker is associated with one combined social category (for example, the first one A-R1-q5-F is the group of female urban students following an academic track and belonging to the fifth quintile of income). Significant differences between Females and Males are signaled by blue color. If a marker does not intersect with the y = 0 horizontal line, it implies that the estimate is significantly different than 0.


[image: Figure 2]

FIGURE 2
 Precision weighted estimates of the standardized mathematics test scores residual for each stratum in Model 2 with 95% credible intervals. F, Female; M, Male; A, academic track; T, vocational track; R1-R3, Rurality groups (increasing rurality); q1-q5, income quintiles. Each marker is associated with one combined social category (for example, the first one A-R1-q5-F is the group of female urban students following an academic track and belonging to the fifth quintile of income). Significant differences between Females and Males are signaled by blue color. If a marker does not intersect with the y = 0 horizontal line, it implies that the estimate is significantly different than 0.





3 Results

Regarding the first research question, from the random effects of Model 1 (Table 1) we found that [image: image] =19.8%; showing the large predicting capacity of the considered social categories on the mathematics test scores.



TABLE 1 Results for the simple intersectional model (Model 1) and the intersectional interaction model (Model 2).
[image: Table1]

To identify the variance explained by complex interactions between gender, rurality, income, and school track, we estimated Model 2, where the additive effects of these variables are modeled, therefore all the variance remaining in the random effects correspond to complex interactions. We see that in Model 2 the adjusted VPC is [image: image], showing that most of the between-stratum variation is explained by the additive effects of the variables. This percentage, which is related to the predictive power of the complex interactions, is nevertheless relevant considering the usual values of this coefficient found in the health sciences (Keller et al., 2023). The PCV shows that 88.3% of the variance at the strata level is explained by additive effects, showing that 11.7% of this variance is related to complex intersectional effects.

In Figure 1 we can see precision weighted estimates of outcomes for each stratum in model 1. They represent the expected mean in the mathematics test scores for each stratum with their 95% credible intervals.

The first thing to note is that in 20 of the 30 groups defined by the combination of academic track (A and T), rurality (R1, R2 and R3), and income quintile (q1, q2, q3, q4 and q5) there are significant differences between female and male students. The groups where there are no significant differences are the vocational tracks (T) in the higher incomes (q5 and q4). However, these combinations of characteristics (vocational tracks and higher incomes) are uncommon. This is shown by the large credible interval of their precision weighted estimates. The lack of significant differences is likely related to this scarcity rather than to actual gender equality.

Also, the students in the technical school tracks (T) have the lowest expected means for all the income and rurality levels in comparison with students from academic tracks (A). These differences are more pronounced in the higher quintiles. For instance, in the fifth quintile, most of the academic track estimates are over 1 and the technical tracks are below 0. In the fourth quintile, most of the academic track estimates are around 0.5 and the technical tracks are below 0.

Regarding the strata in the academic track (A), there is a clear order regarding income, with larger incomes having larger expected means in the standardized mathematics test scores. Then, inside each income group, there is a clear order regarding rurality, where larger levels of rurality are associated with lower test score means. In fact, the gaps increase with the increase in income quintiles.

In Figure 2, we see the estimation of the intercepts removing the additive effects, corresponding to the residuals from Model 2 ([image: image]). We can observe complex interactions between the groups, with advantages associated with higher quintiles, academic tracks, and lower levels of rurality. In contrast, the gender effect seems to be well explained with the additive effects, since it is significant only in two groups, where it shows an advantage in favor of women.



4 Discussion

This paper has attempted to advance knowledge regarding how educational inequalities in access to higher education are constituted by individuals belonging to intersected socio-economic and educational categories. We used an innovative quantitative methodological approach called MAIHDA, a multilevel analysis that goes beyond the traditional interaction effects in regression analysis to intersectionality, and considers, in a parsimonious way, the people’s simultaneous membership in several social categories that can interact in complex ways.

With this background in mind, our research questions were: (a) To what degree do complex interactions between gender, rurality, income, and track explain the differences in mathematics test scores for university entrance in Chile? (b) Which interactions between these social categories are more salient to explain differences in mathematics test scores?

Regarding the first research question, our results show that a large amount of variance (19.8%) in the mathematics test scores is explained by gender, rurality, income, and track, considering their additive effects and all possible interactions. This is a concerning finding since none of these factors directly assess academic performance, such as grades or test scores. The mathematics tests should measure academic learning and competencies rather than be strongly related to socio-demographic variables. However, this is the case in Chile, and the MAIHDA model allows us to estimate the degree to which socio-demographic variables are related to existing measures of academic learning. The results show that, after controlling for additive effects, 2.8% of the variance in the test scores is explained by complex interactions between gender, rurality, income, and school track. This result shows that the additive effects of the three considered categories explain most of the variance in the mathematics test scores. However, after comparing this percentage (2.8%) with coefficients found in previous studies applying MAIHDA in health research (which, in general, are lower according to Keller et al., 2023), we can argue that the predictive power of the complex interactions, beyond the additive effects, is relevant, although more research using MAIHDA on education is necessary to contextualize these effects.

Concerning our second research question, the analyses confirm the presence of significant complex interactions, which show a synergy that favors male students in academic tracks, from families with higher incomes, and residing in the most urban contexts (Figure 1). In contrast, after controlling for additive effects, in most groups, there are no longer significant differences in terms of gender. However, in two groups women have a small advantage over men, although this is very slight (Figure 2, A-R2-q1: academic track, medium rurality level and first quintile of income, A-R3-q3: academic track, a large rurality level and third quintile of income). Interestingly, students who are most urban, have the highest socioeconomic level (quintile 5), and come from an academic school track maintain a large advantage for university entrance after controlling for additive effects. This finding shows that these social categories mutually reinforce each other’s effect, which is coherent with an understanding of intersectionality as “mutual shaping” (Walby et al., 2012). Along the same lines, we also identified a synergy against particular combinations of social categories, for example, for students from the academic track and the lowest quintile (e.g., A-R2-q1, A-R1-q1). Another relevant finding is that the effect of being in the vocational-technical track and in the high-income quintiles (T-R1-q5, T-R2-q5, T-R3-q5) is estimated with considerable error because they are composed of small populations. The proper estimation of this error is an advantage of the MAIHDA model, as it considers the stratum’s size when analyzing the associations between multiple variables.

Through our analyses, we wanted to explore the potential of MAIHDA as an innovative quantitative methodological approach, which has been scarcely used in the field of education so far. We argue that this is an approach with high potential for understanding the intersections shaping inequalities since it is better aligned with complex theoretical developments of the concept of intersectionality (e.g., Yuval-Davis, 2007; Walby et al., 2012) compared to the classical regression models with interaction effects, which have methodological disadvantages, such as having too many parameters when the number of categories grows, the estimations do not consider the sample size of each combination of categories, among others (Keller et al., 2023). In fact, MAIHDA may be helpful in understanding educational inequalities as shaped by interrelated (rather than independent) categories that are affected by their mutual engagement.

We identify at least three areas where future research on educational inequalities could benefit from using MAIHDA. First, it would be interesting to think of other combinations of variables to be included in the analyses, for example, ethnicity, to have a more thorough understanding of how intersections play a role in shaping social advantage and exclusion. In addition, we would encourage the use of MAIHDA to explore educational inequalities in a variety of national contexts since this would enable the identification of possible similarities and differences between countries regarding the intersection of factors that mold access to higher education. Finally, we strongly recommend complementing quantitative analyses guided by the MAIHDA approach with qualitative studies to favor a richer interpretation of the results and potential identification of mechanisms for understanding why particular combinations of categories are associated with particular educational outcomes.
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