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Abstract 

This paper studies the determinants of student performance in the PISA 2018 tests in 

Colombia focusing on the rural-urban gap. Using quantile regression, a student-level 

education production function at different points along the achievement distribution is 

estimated. Applying the Oaxaca–Blinder decomposition, estimates of how much of the 

achievement differential between urban–rural students can be explained by different 

aspects including individual characteristics, family characteristics, and school 

characteristics are reported. Results indicate that mean differences in performance 

between students in rural and urban Colombian schools are significant. 

Observable factors, especially school characteristics, are the main drivers of the 

performance gap. Substantial differences are observed when different test 

percentiles of the performance distribution are considered. Our results suggest 

that one way in which education can reduce student performance gaps is by 

investing in improving school quality in rural areas in Colombia. 
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1. Introduction 

The Program for International Student Assessment (PISA) tests have become an important 

frame of reference for the academic level of students in a country and are very useful for 

identifying the aspects of educational policy that should be reconsidered, reinforced, or 

implemented for achieving better educational outcomes. In fact, in the past two decades, 

international large-scale assessments have been on the rise, with the PISA seen by many as 

having strategic prominence in international education policy debates. The PISA tests were 

launched by the Organization for Economic Co-operation and Development (OECD) with 

the main idea of measuring teenagers’ level of preparedness for adult life. Analyzing these 

results, teachers, researchers, and policy makers can contrast various factors that explain the 

gap in the country's results with respect to others, or the gaps that exist within the students’ 

educational performance in each country.     

In contrast to previous large-scale exams, PISA tests are not curriculum-based but literacy-

based, allowing for the comparison of results across countries. Specifically, they measure 

students’ knowledge and skills in three main domains, namely reading, scientific, and 

mathematical literacy.  PISA results have strong impact on many educational systems across 

the participating economies. In fact, evidence suggests that high-income countries have 

responded to PISA results by seeking to learn from the best experiences of other countries 

(Dixon et al., 2013; Heyneman and Lee, 2014). Less evidence is available for low- and 

middle-income countries that participate in PISA and more research is needed for concluding 

whether results have offered insights for education policy and practice in these countries, and 

if such insights have affected education policy. In fact, while there are more than 114 

published articles evaluating the PISA results for the United States (and at least 72 for 

Australia, 69 for Germany, 52 for the United Kingdom, and 31 for Ireland), the studies on 

less developed economies are relatively scarce (Hopfenbecket al., 2018). 

Paradoxically, while middle-income countries, and especially Latin American countries, 

have received less attention, according to the World Bank “The results from PISA 2018 

highlight the learning crisis in Latin America and suggest that promoting better and more 

equitable learning continues to be the most important challenges to be tackled by the 



education systems in the region.”4 More research is required for these countries in which 

gender and rural-urban gaps are substantial. The few existing studies for Latin America have 

covered different issues relating PISA results. However, most of them (e.g., Alvarado et al., 

2018; De Jorge-Moreno et al., 2018; Kruger and Formichella, 2019; Pinto et al., 2019; 

Rivero, 2019) study results of PISA 2012 or PISA 2015 focusing on the mean, ignoring the 

differences that can emerge along the sample’s distribution (see Lounkaew, 2013). This issue 

is especially relevant for countries in which test results are highly heterogenous among school 

characteristics (urban vs. rural, public vs. private, etc.). Explanatory variables that have been 

identified as important determinants of academic achievement may have distinct effects for 

different percentiles of the scores’ distribution. Therefore, designing effective policies for 

reducing educational gaps and for improving education outcomes requires a better 

understanding of the determinants of test performance along different distribution quantiles. 

Additionally, while the rural-urban gap remains the single most well-documented 

development and welfare disparity in the economies of the region, existing studies on PISA 

results in Latin American countries have not focused on the rural-urban performance gap. 

We study the determinants of student performance in the PISA 2018 tests, using individual 

Colombian test-takers data. Colombia is the most recent OECD member. While the country 

exhibited a high economic growth rate between 2000 and 2015 and attained important 

development achievements, the country remains as one of the most unequal ones. While 

poverty in the country has declined, gaps between rural and urban areas, however, remain 

substantial. In 2017, the share of rural Colombians living in multidimensional poverty was 

still more than twice as high as for urban dwellers. This development gap reflects also in 

rural-urban educational gaps. We contribute to the literature, hence, focusing on this gap. To 

our knowledge, there are only two previous papers for Colombia with this emphasis (Ramos 

Lobo et al., 2012 and 2016), and neither uses data from the latest PISA test results nor 

differentiates results for distinct performance distribution quantiles.   

The contributions of this study are three-fold. First, we estimate a student-level education 

production function at different points along the achievement distribution. This contribution 

is especially relevant for a country in which educational inequality is particularly 

 
4 Di Gropello et al. (2019). 



pronounced, such as Colombia. Second, using the Oaxaca–Blinder decomposition, we 

estimate how much of the achievement differential between urban–rural students can be 

explained by different aspects including individual characteristics, family characteristics, and 

school characteristics. Finally, with the introduction of factors such as bullying, teacher 

support, positive feelings, and resilience in the PISA 2018 student data, we are among the 

first studies in estimating, using the Oaxaca–Blinder decomposition, how much of the 

achievement differential is explained by these factors. 

Results from the Oaxaca-Blinder decomposition indicate that mean differences in 

performance between students in rural and urban Colombian schools are significant. These 

results hold for mathematics, reading, and science. Observable factors are the main drivers 

of the observed performance gap. School characteristics explain more than 40% of 

differences in students’ performance. Family characteristics are also important, explaining 

over 20% of the gap in mathematics and science, and 32% in reading. Individual 

characteristics explain close to 10% of the gap but are statistically significant only in 

mathematics and science. Importantly, the unexplained component does not contribute to 

explaining differences in performance between rural and urban students. Thus, bullying, 

teacher support, and other subjective factors are not among the most relevant determinants 

of the gap. Results from estimations by gender indicate that the effects of family and school 

characteristics are higher for girls than for boys, while individual factors are more important 

for boys than for girls. 

Results from quantile regressions indicate that important differences are observed when 

distinct test percentiles are considered. Mean estimation results show that all individual 

characteristics (except gender in the case of results on reading) and almost all family 

characteristics are relevant in explaining differences in scores both for rural and urban 

students. Parents educational level and family property, however, are not important drivers 

in observed differences in results. Interestingly, while Oaxaca-Blinder decomposition results 

indicate that school characteristics are the most relevant in explaining score gaps, OLS results 

show that the only school characteristic that matters is whether the school is public or 

privately own. As in most studies for developing countries, students from private schools 

outperform their peers in public schools. 



Regression results show that the effect of individual, family, and school covariates on student 

performance vary depending on the quantile of the distribution that is considered. For 

instance, repeating a year and house characteristics, which are relevant determinants of 

performance in the mean, loose significance at the two tails of the distribution. 

Empirical results of this study have relevant implications for the implementation of 

educational policy in Colombia and other similar developing economies. Section 2 describes 

the data. The third section is methodological. The fourth section shows the main results of 

the Oaxaca-Blinder decomposition and of quantile regressions, and finally the last section 

concludes.  

 

2. Data 
 

We collect data from the Program for International Student Assessment (PISA) 2018 test, 

administered to 15-year-old students for measuring their literacy in mathematics, reading, 

and science. The test, applied for first time in 2000, is conducted every three years. In its 

latest version students from 79 countries took the test.   

The PISA samples students with a two-stage procedure. First, schools are sampled and then 

students within selected schools are sampled. This sampling technique increases the standard 

errors within a population. In practice, this means that the estimation of a population 

parameter requires to use weights associated with the sampling and to compute the 

uncertainty due to the sampling. Hence, student performance must be estimated using ten 

plausible values for each student and results must be aggregate. Data is weighted to account 

for three facts. First, students do not have the same probability of being selected. Second, 

differential participation rates require nonresponse adjustments. And third, some explicit 

strata are over-sampled for national reporting purposes.  

Data for Colombia consists of 7522 observations for students in 247 participating schools. 

Figure 1 presents some descriptive statistics. Panel (a) shows average scores for Colombia in 

mathematics, reading and science. These results are far below average test scores for the 79 

participating countries, especially in mathematics (391 in Colombia vs. a test average of 489). 



Panel (b) shows average performance by gender. Boys outperform girls both in mathematics 

and science, while girls do better in reading. However, most notable gaps are observed when 

scores are stratified by school type. Private schools widely outperform public schools in the 

three areas. Notably, scores for private Colombian schools are close to the world (79 

countries) averages. Importantly, as panel (d) shows, large gaps are observed between 

students in rural and urban areas. As in other developing countries, students in rural areas in 

Colombia have less school choice than their urban peers and most go to public schools, as 

shown by Echazarra and Radinger (2019). In 2017, only 4.2% of rural students attended an 

independent private school compared with 23.4% of urban students (Sanchez, 2018). 

 

 

Figure 1. Summary Statistics for Colombian Student Performance 

 

  

 

 

3. Methodology 
      

The literature has shown that student performance is mostly explained by three basic 

components, namely individual characteristics, family characteristics, and school 



characteristics (see, for instance Hanushek, 1997; Sherman et al., 2008; Woessmann, 2016) 

We include, additionally, a fourth component related with other subjective factors with the 

potential to affect student performance, like bullying, teacher support, positive feelings, and 

resilience. These factors, which have shown to be important determinants of scholar 

performance (Dietrich and Cohen, 2019) were included in the PISA 2018 student survey 

allowing their inclusion in PISA evaluation studies. 

The following equation is the starting point of our empirical model: 

𝑃𝑖 =  𝛼 + 𝜷′𝑰𝒊 + 𝜸′𝑯𝒊 + 𝜹′𝑺𝒊 + 𝜀𝑖 (1) 

where 𝑃𝑖 stands for student i’s average score of the ten plausible values for each subject area. 

𝑰𝒊, 𝑯𝒊 , 𝑺𝒊 are vectors of individual characteristics, family characteristics, and school 

characteristics, respectively. Finally, 𝛼 is the intercept and 𝜀𝑖 represent an independently and 

identically distributed zero-mean error term.  

Our emphasis is on the rural-urban gap. Thus, students are grouped according to their school 

location, i.e., whether it is in a rural or an urban Colombian area. Rural school are in small 

towns or villages with a population of less than 15,000 people. Urban school are the 

complement set. Furthermore, in some specifications we stratify also by gender. 

 

3.1 Oaxaca-Blinder Decomposition 

We first use the traditional Oaxaca-Blinder decomposition (Blinder 1973; Oaxaca 1973), 

frequently implemented in studies identifying some sort of labor market discrimination (by 

race, gender, etc.). This decomposition is a statistical method that explains the difference in 

means of a dependent variable between two strata into a part that responds to observed 

differences in the mean values of the model’s covariates within the groups and group 

differences in the effects of the covariates. Emphasis is usually exerted on the second part of 

the decomposition, namely the unexplained differential in the dependent variable. 

In this study, the Oaxaca-Blinder decomposition estimates the difference in student 

performance by urban and rural groups and explains how much is due to observable factors 

and how much is due to unobservable or residual aspects.  



Equation (1) is estimated separately for students in rural and urban areas. As average values 

of residuals in these linear regressions are zero, then: 

𝑃̅𝑈 − 𝑃̅𝑅 = [𝛼𝑈 − 𝛼𝑅] + [𝜷𝑼
′ 𝑰𝑼 − 𝜷𝑹

′ 𝑰𝑹] + [𝜸𝑼
′ 𝑯̅𝑼 − 𝜸𝑹

′ 𝑯̅𝑹] + [𝜹𝑼
′ 𝑺̅𝑼 − 𝜹𝑹

′ 𝑺̅𝑹]      (2) 

where the subscript U corresponds to urban students and R corresponds to rural students.  

Following Jann (2008), equation (2) can be written in the following way: 

𝑃̅𝑈 − 𝑃̅𝑅 = [𝛼𝑈 − 𝛼𝑅] + {[𝜷𝑼
′ (𝑰̅𝑼 − 𝑰)] + [𝜸𝑼

′ (𝑯̅𝑼 − 𝑯̅𝑹)] + [𝜹𝑼
′ (𝑺̅𝑼 − 𝑺̅𝑹)]} +

{[(𝜷𝑼
′ − 𝜷𝑹

′ )𝑰𝑹] + [(𝜸𝑼
′ − 𝜸𝑹

′ )𝑯̅𝑹] + [(𝜹𝑼
′ − 𝜹𝑹

′ )𝑺̅𝑹]}      (3) 

The component given by {[𝜷𝑼
′ (𝑰̅𝑼 − 𝑰𝑹)] + [𝜸𝑼

′ (𝑯̅𝑼 − 𝑯̅𝑹)] + [𝜹𝑼
′ (𝑺̅𝑼 − 𝑺̅𝑹)]} measures 

the portion of the difference in student performance that is attributable to group differences 

in endowments, in other words the explained component. The component given by 

{[(𝜷𝑼
′ − 𝜷𝑹

′ )𝑰𝑹] + [(𝜸𝑼
′ − 𝜸𝑹

′ )𝑯̅𝑹] + [(𝜹𝑼
′ − 𝜹𝑹

′ )𝑺̅𝑹]} represents the contribution of 

differences in the coefficients, more specifically, the unexplained component. Some studies 

call this component the “discrimination” component. However, the unexplained differential 

in the dependent variable should not be interpreted as the amount of the difference due only 

to discrimination, because other covariates not included in the regression, such as unobserved 

factors, may also account for these differences. 

 

3.2 Quantile regression 

Under the assumptions of linearity and 𝐸{𝜀|(𝐼, 𝐻, 𝑆)} it is possible to use OLS to estimate 

the coefficients of Equation (1). However, the literature suggests the presence of potentially 

relevant nonlinear relationships between the dependent variable and the included 

independent variables derived, for example, from the presence of heteroskedasticity in the 

education production function (Sosa Escudero, et al. 2009; Gertel et al. 2012) due to 

unobservable factors. In this study we therefore perform regressions on the mean, and on the 

10th and the 90th percentiles of the sample distribution. 

Quantile regressions are useful for evaluating test results considering heterogeneity in the 

population under analysis and for testing whether the coefficients of the explanatory variables 

depend on the corresponding quantile. Results from quantile regressions may be very useful 



for public policy as they provide the policymaker with important insights on the effect of 

different covariates on performance for students on the center and the tails of the distribution. 

 

4. Empirical Results 

 

Oaxaca-Blinder decomposition results are presented in Table 1. Estimation results are 

consistent in showing that test performance is significantly different for students in rural and 

urban Colombian areas. On average, students in rural areas obtain a score which is 30.7 points 

lower in mathematics, 36.9 points lower in reading, and 29.6 points lower in science than 

their urban school peers. These differences are significant at the 1% significance level. 

Interestingly, all these differences in test outcomes can be accounted by explained factors, 

with school and family characteristics being most important. 

This result is very relevant as school characteristics, which account for over 40% of the rural-

urban gap, can be modified and improved by public policy actions. Rural schools in 

Colombia have higher student-teacher ratios, poorer physical endowments, and lower teacher 

quality than schools in urban areas. Educational policy should aim to close student 

performance gaps by investing in improving school quality in rural areas in Colombia. 

However, results also indicate that the gap cannot be closed by educational policy alone, as 

family characteristics explain an important portion of the gap (above 20% in mathematics 

and science, and 32% in reading). Other social policies must be implemented as well for 

reducing poverty in rural areas and improving the overall learning environment of school 

students. Finally. individual characteristics explain near 10% of the gap. Interestingly, 

bullying, teaching support and other perception variables are insignificant in explaining the 

gap. 

 

 

 

 

 



Table 1: Oaxaca-Blinder decomposition results for the rural-urban educational gap in 

Colombia using PISA 2018 test results (mathematics, reading and science) 

 
Mathematics Reading Sciences 

Overall urban 
408.4*** 432.5*** 429.9*** 

 (90.88)  (84.03)  (91.04) 

Overall rural 
377.6*** 395.6*** 400.4*** 

 (73.42)  (74.96)  (81.07) 

Difference 
30.74*** 36.92*** 29.58*** 

 (4.60)  (5.11)  (4.37) 

Explained 
25.54*** 28.08*** 23.97*** 

 (5.29)  (5.96)  (5.54) 

    Individual 
4.024* 3.504 3.780* 

 (2.38)  (1.87)  (2.32) 

    Family 
7.761*** 9.665*** 6.888*** 

 (3.92)  (5.46)  (4.26) 

    School 
13.76*** 14.91*** 13.30*** 

 (3.79)  (3.97)  (3.53) 

Unexplained 
5.201 8.839 5.608 

 (0.94)  (1.55)  (0.94) 

* p<0.05, ** p<0.01, *** p<0.001. t statistics in parentheses. In Tables 1 and 2 the variables included in each 

dimension are: Individual: Grade Repetition, Student Grade, Gender; Family: Highest parental education in 

years of schooling, Home possessions, Highest parental occupational status, Cultural possessions at home, 

Home educational resources, Family wealth; School: School Ownership, Student-Teacher ratio, School Size, 

Number of available computers per student at modal grade, Proportion of available computers that are 

connected to the Internet, Total number of all teachers at school, Proportion of all teachers fully certified, Class 

Size. 

Source: Authors elaboration based on PISA 2018 microdata. 

 

Similar conclusions are reached when results are stratified by gender (see Table 2). However, 

the effects of endowments (i.e., the explained part) are larger for girls than for boys. 

Furthermore, while school and family characteristics are more relevant for girls than for boys, 



the opposite is true for individual characteristics. Family characteristics are probably more 

important for girls than for boys as in Colombia gender discrimination is an issue and many 

girls must play a discriminatory gender role in their homes. The degree of gender 

discrimination is highly correlated with family characteristics (Rodriguez-Burbano et al., 

2021). 

 

Table 2: Oaxaca-Blinder decomposition results for the rural-urban educational gap in 

Colombia using PISA 2018 test results and stratified by gender (three areas) 

 

| Mathematics Reading Sciences 

 
Boys Girls Boys Girls Boys Girls 

Overall urban 
419.3*** 397.5*** 428.1*** 436.8*** 437.4*** 422.6*** 

(78.34) (82.08)  (70.00)     (84.01)           (75.06)  (89.87) 

Overall rural 
387.0*** 369.4*** 389.0*** 401.3*** 406.2*** 395.2*** 

 (63.49)  (70.67)  (60.97) (80.53)  (66.69)  (85.23) 

Difference 
32.33*** 28.16*** 39.10*** 35.44*** 31.21*** 27.33*** 

 (4.15)  (4.05)  (4.62)  (4.94)  (3.85)  (4.05) 

Explained 
23.30*** 27.05*** 27.05*** 30.65*** 23.03*** 25.09*** 

 (4.27)  (5.19)  (5.01)  (5.81) (4.50)  (5.29) 

    Individual 
4.482* 2.612 5.031* 2.765 4.551* 2.452 

 (2.09)  (1.51)  (2.10)  (1.49)  (2.15)  (1.48) 

    Family 
6.513** 8.845*** 8.077*** 10.94*** 5.091** 8.438*** 

 (3.17)  (3.63)  (4.51)  (4.62)  (3.06)  (4.04) 

    School 
12.31** 15.60*** 13.94** 16.94*** 13.39** 14.20*** 

 (2.83)  (3.96)  (3.01)  (4.21)  (2.79)  (3.60) 

Unexplained 
9.023 1.108 12.06 4.795 8.174 2.246 

 (1.39)  (0.18)  (1.66)  (0.86)  (1.08)  (0.39) 

* p<0.05, ** p<0.01, *** p<0.001. t statistics in parentheses 

Source: Authors elaboration based on PISA 2018 microdata. 



Quantile regression results are shown in Tables 3 (mathematics), 4 (reading), and 5 (science), in 

the Appendix. Mean estimations indicate that all individual characteristics (except for gender in 

results for reading) and almost all family characteristics (notable exceptions are parents’ 

educational level and cultural possessions) are relevant in explaining differences in scores both 

for rural and urban students. Interestingly, while Oaxaca-Blinder decomposition results indicate 

that school characteristics are the most relevant in explaining score gaps, OLS results show that 

the only school characteristic that matters is whether the school is public or privately own. As in 

most studies for developing countries, students from private schools outperform their peers in 

public schools. This result is particularly relevant in this study, as rural schools are mostly public. 

Therefore, a combination of policies aimed at improving the quality of public schools and of 

promoting the development of a stronger private school system in rural areas should be 

implemented for closing the rural-urban educational gap in the country. 

In Mathematics and Science boys outperform girls, and differences are higher for urban schools. 

In mathematics, boys in urban (rural) schools obtain on average 28.4 (23.4) points more than 

girls.  In science these differences are of 21.5 (16.8) points, respectively. Meanwhile, no 

significant gender differences in score are observed in reading. Students that have repeated a 

year have significantly lower results in test score in the three areas. 

Regressions for the 10th and 90th percentile show some relevant differences with respect to mean 

regressions. For instance, repeating a year, which is a relevant variable for explaining differences 

in test performance in the mean and for students at the 90th percentile, is irrelevant at the lowest 

tail of the distribution.  In other words, poor performing students who have repeated a year obtain 

similar results to poor performing students who have not repeated a year. However, repeating a 

year makes the difference for average and top students. A similar conclusion is reached when 

home educational resources is considered. Household possessions are relevant for urban students 

in all percentiles of the distribution, being more statistically significant for those at the highest 

percentile. In rural areas, this variable is only significant in the mean. This may obey to the fact 

that higher income inequality is observed in urban areas in Colombia. Rural areas are populated 

almost entirely by poor households. Significant variables tend to be more significant for students 

in the highest percentile than in the lowest percentile. These, and other examples, illustrate the 

importance of considering different distribution quantiles for understanding PISA test results 



and gaps. An effective public policy aimed at improving student performance and closing 

relevant gaps must consider the differential effects that several covariates have at distinct 

segments of the performance distribution. 

Gender gaps, however, behave similarly in the three quantiles considered in this study. 

Specifically, boys outperform girls in mathematics and sciences in all cases, except for rural 

students in the 10th percentile. In contrast, in reading gender is only important for rural students 

in the 10th percentile.  

 

5. Conclusions 

 

This paper studies the rural-urban student performance gap, using individual data from the 

PISA 2018 tests results for Colombian students. Three contributions are made to the literature. 

In the first place, we estimate a student-level education production function at different points 

along the achievement distribution. Performing quantile regressions, we identify the main 

determinants of observed differences in score performance focusing on the rural-urban gap. 

Second, we estimate how much of the achievement differential between urban and rural 

students can be explained by different aspects including individual characteristics, family 

characteristics, and school characteristics. Third, using survey data on subjective factors such 

as bullying, teacher support, positive feelings, and resilience included in the PISA 2018 student 

data, we are among the first studies in estimating, using the Oaxaca–Blinder decomposition, 

how much of the rural-urban differential is explained by these factors. 

Regression results indicate that rural-urban differences in performance are high and significant 

in mathematics, reading, and science. Importantly, observable factors account for almost all the 

observed performance gap. Among these factors, school characteristics are the most relevant 

factors, explaining more than 40% of differences in student performance. Family characteristics 

also matter, explaining over 20% of the gap in mathematics and science, and 32% in reading. 

Individual characteristics explain 10% of the gap but are statistically significant only in 

mathematics and science. The unexplained component does not contribute to explaining 

differences in performance between rural and urban students. Results by gender indicate that the 



effects of family and school characteristics are higher for girls than for boys, while the opposite 

holds for individual factors. 

Results from quantile regressions indicate that important differences are observed when different 

test percentiles are considered. Mean estimations indicate that all individual characteristics and 

almost all family characteristics are relevant in explaining differences in scores both for rural 

and urban students. Interestingly, while Oaxaca-Blinder decomposition results indicate that 

school characteristics are the most relevant in explaining score gaps, quantile regression results 

show that the only school characteristic that matters is whether the school is publicly or privately 

owned. As in most studies for developing countries, students from private schools outperform 

their peers in public schools. 

Results of this study have relevant implications both for research in the field and for public policy 

implementations. On the one hand, they clearly show that the effect of different covariates on 

student performance depends importantly on the quantile of the performance distribution. 

Therefore, studies focusing on the mean of the performance distribution may present misleading 

results, especially in highly educational unequal countries such as Colombia. On the other hand, 

rural-urban differences in test outcomes mostly respond to differences in observable factors, with 

school and family characteristics being most important. This result is very relevant as school 

characteristics, which account for a high percentage of the gap, can be modified and improved 

by public policy actions. Rural schools in Colombia have higher student-teacher ratios, poorer 

physical endowments, and lower teacher quality than schools in urban areas. Educational policy 

should seek to close the gap by investing in improving school quality and promoting more private 

schools supply in rural areas in Colombia. 
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Appendix (Detailed results for quantile regressions) 

Table 3: Quantile Regression results for Mathematics in Colombia Stratifying by Rural-Urban 

Students 

 
OLS P10 P90 

 
Rural Urbano Rural Urbano Rural Urbano 

Student grade 
21.23*** 19.42*** 20.96*** 21.64*** 24.80*** 17.01*** 

(2.758) (2.974) (4.675) (4.851) (5.459) (5.099) 

Gender 
27.54*** 29.31*** 18.29* 26.33*** 38.88*** 32.80*** 

(4.644) (4.054) (8.891) (6.891) (8.151) (7.462) 

Grade repetition 
-16.92** -21.19*** -19.13 -15.34 -11.54 -26.35* 

(5.945) (4.758) (11.48) (8.725) (12.32) (10.36) 

Parental education 
-0.679 -0.671 -0.512 -1.511 -0.658 -0.0203 

(0.695) (0.695) (1.418) (1.305) (1.548) (1.460) 

Home possessions 
30.87** 46.03*** 30.21 32.36 29.69 45.05* 

(10.24) (9.050) (20.88) (19.40) (18.14) (19.86) 

Cultural possessions 
-2.386 -4.742 -3.591 -2.111 1.578 -5.373 

(3.980) (3.211) (8.724) (6.850) (7.477) (7.068) 

Home educational resources 
-5.009 -8.576** -3.082 -4.940 -6.442 -7.780 

(4.014) (3.192) (10.54) (6.433) (7.166) (6.581) 

Family wealth 
-15.95* -30.53*** -18.88 -22.53 -13.63 -27.93* 

(6.719) (6.347) (12.96) (13.72) (13.27) (14.24) 

Highest parental occupational 

status 

0.149 0.345*** 0.209 0.347* 0.0878 0.387* 

(0.106) (0.0789) (0.202) (0.153) (0.257) (0.185) 

School Ownership 
-21.49*** -18.14*** -23.40 -18.14*** -17.88 -16.91** 

(5.285) (3.826) (13.02) (4.905) (10.04) (6.057) 

Student-Teacher ratio 
-0.0652 -0.387 -0.188 -0.448 0.0336 -0.539 

(0.351) (0.507) (0.701) (0.662) (0.683) (0.876) 

School Size 0.0134 -0.00120 0.0131 0.00308 0.0148 -0.00184 



(0.0139) (0.00929) (0.0248) (0.0124) (0.0269) (0.0131) 

Number of available computers 

per student at modal grade 

-8.372 5.096 -5.619 7.385 -7.429 1.270 

(5.829) (5.004) (8.930) (7.454) (11.33) (8.831) 

Proportion of available 

computers that are connected to 

the Internet 

3.664 1.762 2.734 5.105 7.647 -1.142 

(9.341) (10.50) (12.25) (14.35) (14.94) (13.50) 

Total number of all teachers at 

school 

0.0808 0.145 0.0470 0.0546 0.0853 0.123 

(0.374) (0.254) (0.639) (0.336) (0.641) (0.353) 

Proportion of all teachers fully 

certified 

0.584 -2.113 2.128 0.393 -0.989 -0.954 

(8.018) (5.349) (11.41) (7.897) (11.73) (7.687) 

Class Size 
0.0237 0.599 -0.0592 0.378 -0.221 0.682 

(0.294) (0.321) (0.460) (0.400) (0.446) (0.455) 

Student's experience of being 

bullied 

-8.040** -5.536** -7.370 -5.466 -9.011* -5.800 

(2.501) (1.844) (4.295) (3.222) (3.876) (3.380) 

Teacher support 
-6.192* -5.748* -6.846 -5.865 -7.531 -6.607 

(2.910) (2.347) (5.704) (3.336) (4.845) (4.175) 

Resilience 
4.621* 1.724 3.134 3.697 8.537 0.589 

(2.141) (1.641) (3.713) (3.296) (4.851) (3.889) 

Constant 
243.9*** 239.3*** 174.0** 145.8* 279.2*** 345.1*** 

(35.70) (41.75) (63.57) (65.45) (71.42) (73.18) 

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses 

Source: Authors elaboration based on PISA 2018 microdata. 

 

  



Table 4: Quantile Regression results for Reading in Colombia Stratifying by Rural-Urban 

Students 

  OLS P10 P90 

  Rural Urbano Rural Urbano Rural Urbano 

Student grade 
24.81*** 19.44*** 24.32*** 19.31*** 26.70*** 16.70** 

(2.835) (2.731) (4.994) (5.045) (5.872) (5.167) 

Gender 
-2.005 -1.991 -11.36 -10.94 8.843 5.685 

(3.736) (3.997) (8.053) (7.739) (9.166) (7.152) 

Grade repetition 
-18.71*** -21.77*** -16.97 -17.08 -15.72 -31.56** 

(5.414) (4.684) (10.37) (9.479) (14.26) (9.657) 

Parental education 
-0.325 -0.495 -0.807 -1.131 -0.196 -0.448 

(0.601) (0.601) (1.336) (1.107) (1.373) (1.687) 

Home possessions 
30.30** 58.43*** 29.72 43.63* 18.87 63.42** 

(10.15) (9.419) (18.52) (19.55) (18.29) (19.75) 

Cultural possessions 
-3.656 -5.849 -7.930 -6.405 6.077 -6.340 

(3.892) (3.128) (7.838) (6.530) (8.861) (6.457) 

Home educational resources 
-8.472* -16.79*** -10.03 -12.66 -4.095 -19.78** 

(3.796) (3.260) (7.981) (6.642) (8.468) (6.574) 

Family wealth 
-12.45 -38.29*** -14.00 -29.40* -3.787 -39.49** 

(6.589) (6.186) (12.04) (13.70) (12.89) (13.58) 

Highest parental occupational 

status 

0.259** 0.407*** 0.304 0.382* 0.287 0.462* 

(0.100) (0.0848) (0.192) (0.192) (0.270) (0.209) 

School Ownership 
-23.90*** -22.67*** -28.86** -25.01*** -17.90 -18.30** 

(5.167) (4.112) (11.04) (5.678) (11.37) (6.040) 

Student-Teacher ratio 
-0.115 -0.215 -0.320 -0.0204 -0.0615 -0.400 

(0.458) (0.520) (0.800) (0.820) (0.683) (0.895) 

School Size 
0.0187 -0.00160 0.0175 0.00110 0.0225 -0.00715 

(0.0172) (0.0103) (0.0226) (0.0134) (0.0243) (0.0148) 



Number of available computers 

per student 

-12.07 8.296 -11.17 11.51 -15.26 8.100 

(6.266) (5.288) (7.192) (6.440) (11.82) (8.685) 

Proportion of available 

computers that are connected to 

the Internet 

0.804 -1.249 -6.342 1.237 1.084 -10.55 

(8.628) (12.51) (12.90) (18.98) (15.69) (16.05) 

Total number of all teachers at 

school 

-0.0652 0.191 -0.107 0.119 -0.121 0.363 

(0.429) (0.287) (0.597) (0.370) (0.602) (0.424) 

Proportion of all teachers fully 

certified 

-0.00964 -2.965 3.993 -0.284 -4.403 -2.373 

(8.020) (6.537) (12.41) (9.056) (11.61) (8.098) 

Class Size 
-0.324 0.499 -0.133 0.414 -0.932 0.385 

(0.282) (0.355) (0.477) (0.458) (0.501) (0.459) 

Student's experience of being 

bullied 

-9.983*** -7.782*** -7.935* -8.213* -10.33* -7.149 

(2.019) (1.628) (3.342) (3.276) (4.776) (3.847) 

Teacher support 
1.711 -3.124 1.117 -0.519 2.026 -4.175 

(2.670) (2.055) (5.083) (4.190) (5.742) (4.014) 

Resilience 
6.112** 2.236 7.267 2.724 5.296 -1.226 

(2.143) (1.280) (4.644) (3.566) (4.597) (3.086) 

Constant 
262.3*** 283.6*** 199.2** 200.7** 334.2*** 407.0*** 

(37.82) (40.90) (63.86) (65.91) (73.30) (71.00) 

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses 

Source: Authors elaboration based on PISA 2018 microdata. 

 

  



Table 5: Quantile Regression results for Science in Colombia Stratifying by Rural-Urban 

Students 

  OLS P10 P90 

  Rural Urbano Rural Urbano Rural Urbano 

Student grade 
22.20*** 18.17*** 19.48*** 18.06** 23.16*** 14.31* 

(2.740) (2.939) (4.648) (5.845) (5.811) (6.327) 

Gender 
21.30*** 21.80*** 13.12 17.84** 30.36** 25.40** 

(4.023) (3.855) (8.059) (6.752) (9.328) (7.964) 

Grade repetition 
-13.96* -18.05*** -15.27 -12.46 -12.06 -28.11** 

(5.888) (5.016) (11.43) (9.352) (11.47) (10.43) 

Parental education 
-0.961 -0.877 -1.539 -1.019 -0.890 -0.679 

(0.710) (0.656) (1.232) (1.245) (1.553) (1.304) 

Home possessions 
25.24* 56.43*** 18.75 40.44 26.76 65.46** 

(10.33) (9.224) (16.35) (22.63) (25.77) (20.02) 

Cultural possessions 
0.484 -3.727 1.574 -1.998 3.435 -5.552 

(3.632) (3.312) (8.257) (7.059) (8.912) (6.835) 

Home educational resources 
-6.865 -16.28*** -4.392 -11.92 -8.718 -20.67** 

(3.802) (3.246) (7.952) (7.483) (9.910) (7.140) 

Family wealth 
-11.80 -39.46*** -9.371 -28.49 -8.906 -44.26** 

(7.078) (5.945) (11.28) (15.62) (18.05) (14.55) 

Highest parental occupational 

status 

0.208 0.384*** 0.211 0.300* 0.168 0.438* 

(0.110) (0.0922) (0.238) (0.153) (0.278) (0.206) 

School Ownership 
-22.42*** -21.74*** -21.64* -25.24*** -19.46 -15.89** 

(5.852) (4.084) (10.87) (5.894) (13.34) (5.450) 

Student-Teacher ratio 
-0.142 -0.327 -0.116 -0.223 -0.188 -0.222 

(0.419) (0.463) (0.958) (0.745) (0.754) (0.919) 

School Size 0.0203 

-

0.00000430 0.0100 0.000300 0.0237 -0.00439 

(0.0168) (0.00947) (0.0268) (0.0140) (0.0281) (0.0144) 



Number of available computers 

per student at modal grade 

-7.143 7.234 -3.822 7.505 -8.526 9.345 

(6.137) (5.085) (8.394) (5.652) (12.87) (8.765) 

Proportion of available 

computers that are connected to 

the Internet 

-0.674 -5.195 -4.680 -1.985 -4.442 -10.25 

(8.165) (12.30) (12.51) (17.29) (14.55) (15.69) 

Total number of all teachers at 

school 

-0.125 0.129 -0.0101 0.144 -0.120 0.210 

(0.403) (0.261) (0.662) (0.366) (0.659) (0.396) 

Proportion of all teachers fully 

certified 

-1.349 -3.380 1.996 -3.302 -3.285 -3.664 

(8.213) (6.550) (12.20) (9.122) (14.29) (8.173) 

Class Size 
-0.231 0.535 -0.0943 0.356 -0.388 0.463 

(0.281) (0.342) (0.506) (0.392) (0.632) (0.501) 

Student's experience of being 

bullied 

-6.879** -5.569** -6.386 -6.430 -6.880 -5.518 

(2.292) (1.863) (3.737) (3.437) (4.339) (3.619) 

Teacher support 
0.668 -4.995* -0.484 -2.166 0.805 -6.537 

(3.108) (2.189) (4.556) (3.748) (6.385) (4.159) 

Resilience 
4.785* 1.792 5.838 4.273 6.432 -1.167 

(2.179) (1.782) (3.985) (3.228) (5.004) (3.266) 

Constant 
275.0*** 288.8*** 223.4** 214.2** 351.7*** 405.2*** 

(39.48) (42.99) (71.35) (76.94) (78.08) (79.40) 

* p<0.05, ** p<0.01, *** p<0.001. Standard errors in parentheses 

Source: Authors elaboration based on PISA 2018 microdata. 

 


