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Abstract: This study contributes to the debate on accessibility of higher education in Chile, focusing 

on both socioeconomic and geospatial dimensions of access to university study. The central question 

we address in this paper is the following: Does geography (physical distance and neighborhood 

effects) play a significant role in determining accessibility of higher education in Chile? We use 

Heckman probit-type (Heckit) models to adjust for selection in the process of completing the trajec-

tory towards higher education – that is, pre-selection, application to study at university, and ulti-

mately admission (or denial) to a higher education institution. The results shows that the geospatial 

elements have a significant local effect on the student’s application and access to Chilean universi-

ties. 
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sibility; Chile 

 

1. Introduction 

Access to university education is a real concern for policymakers all over the world. 

This is particularly true in the case of Chile, where the government has invested intense 

effort in providing equal access for students from families of different socioeconomic lev-

els. Due to stratification of education in Chile, admission to universities reflects an inequi-

table educational system ([1,2]). At the same time, economic and demographic concentra-

tion in the central part of the country plays a large role in students’ performance, as is 

reflected in the results of the University Selection Test (PSU); the best results are clustered 

in the central area around the city of Santiago de Chile. 

Unfortunately, an OECD report ([3]) concluded that differences in university access 

and student performance persist in Chile. Specifically, the report found indications that 

access to higher education depends on students’ socioeconomic status, secondary school-

ing, and region of origin. It is thus important to understand how personal characteristics, 

reflected in socioeconomic and geographic items, influence students’ enrollment in uni-

versity education to generate empirical evidence that contributes to the design of public 

policies in the area of university education. To our knowledge, this conclusion has never 

been tested with real microdata in Chile. This paper’s goal is thus to examine access to 

university education in Chile using cross-sectional data for about 300,000 students who 

finished high school in 2016. The database we use contains information on students’ high-

school grades, selection-test scores, and applications to the university, as well as personal 

and family characteristics. 
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Our analysis focuses on the two stages each student must complete before he/she can 

begin university study in Chile. In the first stage, each student must pass a selection test; 

if they pass the test, they may apply to university. The university application implies the 

student’s deliberate decision or willingness to participate in university education, which 

is clearly conditional on passing the test. In the second stage, after the university applica-

tion, each student must wait for the admissions decision (admission/denial) to access uni-

versity education. This decision is taken by the Department of Evaluation, Measurement 

and Educational Registration (DEMRE) of the University of Chile in Santiago de Chile. 

While sociology and psychology have highlighted the main role of the environment 

where students live and their social networks, the economic literature focuses mainly on 

the socioeconomic characteristics of the family as a key factor defining students’ probabil-

ity of attending university. Our database on the PSU overcomes the difficulty of finding 

fine-scale georeferenced secondary statistics from which to build spatial models. We focus 

specifically on two types of potential socio-interaction effects on the student’s decisions: 

neighborhood and network (social capital). 

To improve our understanding of the determinants of accessibility to higher educa-

tion in Chile, we estimate a sequence of two Heckman probit (Heckit) models, one for 

each stage mentioned above. We estimate both non-spatial and spatial versions of the 

Heckit model, where the spatial application accounts for the potential impact of social 

interactions—in the form of local spatial autocorrelation—on probability of passing the 

initial selection test and likelihood of applying to the university. We also used confirma-

tory factor analysis to create a latent variable used in our model to avoid collinearity and 

handle the problem of choosing between two well-known proxy variables for students’ 

social capital: 1) parents’ education, measured by household income; and 2) type of stu-

dent’s secondary school. Estimation of the Heckit models provides evidence of significant 

differences in university access in Chile, depending on gender, social network/capital, and 

geographic location of the student’s home province. 

This paper is organized as follows. After the introduction, we present the main char-

acteristics of the university admission system in Chile. The third section presents data 

sources and variable statistics. Sections 4 and 5 then develop the estimation strategy and 

results, respectively. The conclusions and references close the paper. 

2. The Chilean higher education admissions system 

In Chile, the university admissions system has historically been based on two indica-

tors ([1]). The first is the score the student obtains on a standardized test (PSU) that 

measures skills in the areas of mathematics, language and communication, history, social 

science and geography, and sciences. The second is the grades the student obtained in 

secondary education. 

Until January 2021, the application process to access Chilean universities consisted 

of three steps: 

1. The students had to pass the PSU, organized by the DEMRE (“Departamento de 

Evaluación, Medición y Registro Educacional” (DEMRE) of the Universidad de 

Santiago. To pass, they have to obtain a minimum score of 475 points out of 850. 

2. Once they pass the PSU, prospective students must decide whether to apply to 

the universities that belong to the Unified Admission System (SUA). Historically, 

only the traditional universities used this system. In 2011, non-traditional uni-

versities were allowed to participate after evaluation by the Council of Chilean 

University Vice-Chancellors (CRUCH) to determine whether they met the neces-

sary quality standards. 

3. After submitting their application, students received an admission decision, 

based on their PSU score. 

[3,4] analyzed the standard tests for the application process to universities in Chile. 

The authors noted the need to consider the geographical location of the students’ home, 

as its impact was not clear. More specifically, the OECD’s report observed that the PSU 
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score might well be explained by family income level, secondary school performance, and 

urbanization level. In fact, many rural areas have smaller numbers of schools and fewer 

resources. 

Students who decide to apply to the SUA universities may choose up to 10 options, 

applying to different degree programs at different universities. They must rank their se-

lections to prioritize the programs in order of preference; once their score earns them ac-

ceptance to a university program, the other options are disqualified. Since acceptance/de-

nial is based on the student’s PSU score, the students with the best scores are more likely 

to be accepted into the program of their choice. 

The debate over higher education frequently mentions “equity.” Improving “equity 

access” is vital because students from low-income families are least likely to access post-

secondary studies ([1]). The problem of equity access stems from a multiplicity of related 

phenomena ([5,6]), but the most significant in the case of Chile is socioeconomic status. 

Secondary education quality varies significantly, as children from low-income families 

who cannot pay for a private school achieve less academic success and thus fall into the 

least advantaged student group. This situation has repercussions in the university appli-

cation process. There is an urgent need to reflect family background in the process ([7,8]). 

3. Data and variables 

3.1. Data source and descriptive statistics 

Our data were provided by the Universidad de Antofagasta from the DEMRE. This 

entity holds the official PSU test score records with some information about all high-

school graduates who took this selection test in the year 2016. The database also contains 

information about students’ secondary school type and grades, PSU selection-test scores 

and applications to the university, and basic personal characteristics. Initially, this data-

base covered about 300,000 students, although only 267,233 students finally took the 

exam. After eliminating the records that contained missing values, the database retained 

a total of 260,775 “useable” observations, that is, the entire population sample of students 

potentially eligible for participation in higher education. 

The database was georeferenced using an R script, to construct the spatial weights 

matrices and calculate the geographical distances to the centroid of Santiago de Chile city, 

which is also the socioeconomic center of the country. Rural-urban classification was 

taken from the Ministry of Education (MINEDU), which assigns this qualification to the 

schools according to students’ origin. 

Given that our main goal was to examine access to higher education in Chile and 

potential disparities in the process of university enrollment across different groups of 

high-school graduates, we focused on a set of core variables representing basic student 

characteristics, as well as geographical distance from students to universities. We also ex-

amined the role of the variable “social capital” in students’ decisions to apply to univer-

sity. 

3.1.1. Students’ characteristics 

Key variables in our analysis are individual characteristics of the high-school gradu-

ates, such as gender and age. Two sets of characteristics of great interest in our analysis 

were used as proxy variables for latent ability and motivation/opportunities, respectively. 

As shown in Table 1, the first set comprises secondary school grades (“GRADE_PTS”) 

and PSU selection-test scores (“LIT_SCORE” and “MATH_SCORE”), which evaluate cog-

nitive skills related to literature and mathematics, respectively). The second set of charac-

teristics includes the students’ employment status (“WORKING”) and their siblings’ ed-

ucation (“SIBL_UNIV”) ([9,10]). 

Table 1. Descriptive statistics for the sample of university candidates. 
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Variables Description # Obs. Mean Std. Dev. Min. Max. 

A: Indicator (dummy) variables – Model dependent variables: 

PRE-SELECTION Successful pre-selection test 260,775 0.603 0.489 0 1 

APPLICATION Application for university place 260,775 0.539 0.498 0 1 

ADMISSION Admission accepted 260,775 0.379 0.485 0 1 

B: Indicator (dummy) variables – Model independent variables: 

FEMALE Female 260,775 0.530 0.499 0 1 

WORKING Working 260,775 0.098 0.298 0 1 

RURAL Rural origin area 260,775 0.020 0.140 0 1 

SIBL_UNIV Siblings in university 260,775 0.300 0.458 0 1 

C: Continuous variables – Model independent variables 

DISTANCE Distance (km) 260,775 312.8 426.1 0.040 3,772 

LIT_SCORE Score literature test 260,775 506.0 109.8 150 850 

MATH_SCORE Score mathematics test 260,775 505.7 109.4 150 850 

GRADE_PTS High-school grade points 260,775 544.5 98.9 238 826 

D: Continuous latent variable – Model independent variable 

SOCIAL_CAP Social capital 260,775 0.000 2.505 -4.237 6.467 

3.1.2. Location factors 

First, we distinguish between two types of students’ place of origin using information 

about the type of college (public, subsidized, private). Students who graduated are repre-

sented as a dummy variable, “rural” if the students graduated from a rural college or 

“urban” if they graduated from an “urban college.” 

Second, we considered the role of geographical distance as affecting access to higher 

education, through its relationship to success in passing the selection test and propensity 

to apply to study at university. To this end, we calculated the distances from each stu-

dent’s home location to Santiago de Chile city centroid (“DISTANCE”). The average dis-

tance to the Santiago city centroid is about 310 km, ranging from 40 meters to about 3,800 

km. Distance is an important variable because the best PSU selection test scores corre-

spond to residents living in the center of the country, close to Santiago, perhaps due to the 

extreme socioeconomic concentration of Chile around the Metropolitan Region of Santi-

ago. We thus expect that the larger this distance the smaller the probability of successfully 

passing the selection test and the propensity to apply to study at university. 

3.1.3. Localized social capital 

The social capital variable is a complex variegated social mechanism. Parents garner 

social capital to give their children the best chance of success in personal and professional 

life. [11]'s notion of social capital is attractive because it provides a conceptual link be-

tween the attributes of individual actors and their immediate social contexts, most notably 

family, school, and neighborhood [12]. These authors provide a simple way to compute 

this variable, defining social capital as a mere combination of three variables: tangible 

economic aspect, intellectual aspect, and social networks. 

A strong correlation exists between parents’ (father’s and mother’s) education, family 

income, and students’ school type. This correlation causes a multicollinearity problem 

when these variables are used in a regression model. To handle this situation, we decided 

to build a latent variable, “social capital,” with these four variables, using the Furstenberg 

and Hughes’ definition. In Chile, the students’ ordinary school is a good social capital 

“proxy,” since access to elitist private secondary schools is conditioned by household in-

come and parents’ high education level ([13]). 

Table 1 also presents basic sample descriptive statistics for the 267,233 high-school 

graduates participating in the 2016 PSU selection test. The table also includes descriptive 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 December 2021                   doi:10.20944/preprints202112.0022.v2

https://doi.org/10.20944/preprints202112.0022.v2


 

 

statistics for the model control variables. The variable “APPLICATION” includes the 

group of 18,885 students who did not pass the PSU. On average, only 2% of high-school 

graduates come from rural, and 30% have siblings in the university. Additionally, only 

9.8% of the PSU candidates are working, probably because most people who work value 

their present incomes more than future earnings from a university degree. 

3.2. Exploratory Data Analysis 

3.2.1. Higher Education System Design: Selection – Application – Admission 

Of all high-school graduates who took the PSU selection test in 2016, only 53.9% 

passed (Figure 1). Next, of the 60.3% students who passed the selection test, only in fact 

applied to university. Finally, only 37.9% of the initial high-school graduates who decided 

to take the PSU had access to higher education. 

 

 

Figure 1. Trajectory data distribution 

The minimum score for the pre-selection test is 475 points. A student must pass this 

pre-selection test before applying for university admission and accessing higher educa-

tion. Yet some universities make exceptions, admitting candidates with a score of 450. 

3.2.2. Geography of access to higher education: distances and neighborhoods 

The detailed microlevel information provided by our database (i.e., each student’s 

postal address) enables us to examine the spatial dimension of university access in Chile. 

Students’ geospatial context is likely to determine their social class and identity, influenc-

ing their decision-making throughout the three stages of the process of accessing higher 

education in Chile. 

Unfortunately, we encountered difficulties in georeferencing students’ locations. 

Several postal addresses contained odd characters, and some addresses registered did not 

exist. To solve these problems, we applied an R-function to geocode the addresses based 

on Google’s Application Programming Interface for the Geo-Coding Function. When we 

found erroneous addresses that we could not geocode exactly (25% of the total addresses), 

we assigned these locations the centroid coordinates of their corresponding communes. 

We checked this variable to ensure that all addresses were within the expected dis-

tance radius. In Figure 2, boxplots are used to visualize the outcome of the georeferencing 

process. The boxplots represent the distribution of distances from each candidate’s home 

to the city of Santiago. There is one boxplot for each Chilean region. The horizontal axis 

plots the Chilean regions in Roman numerals. XV represents Arica and Parinacota, I Ta-

rapacá, II Antofagasta, III Atacama, IV Coquimbo, V Valparaíso, RM Metropolitan Region 
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of Santiago, VI O’Higgins, VII Maule, VIII Bío-Bío, IX Araucanía, XIV Los Ríos, X Los 

Lagos, XI Aysén, and XII Magallanes. The figure shows only a few outliers in the V Region 

(Valparaíso). These outliers are entirely accurate, as they correspond to some of the Pacific 

islands that fall under the Valparaíso Region’s administration. 

 

 

Figure 2. Distance to Santiago distributions after the georeferencing process. 

4. Estimation strategy 

We are interested in the effects that individual student characteristics have on the 

probability that recent high-school graduates—at least those who participated in the se-

lection test—will access university education in Chile. This goal gives rise to two separate 

(sequential) procedures, visualized in the flow chart in Figure 3. 

4.1. Heckman Probit models 

We estimate two Heckman probit (Heckit) models. Both baseline models use the 

same sample population of (260,755) students potentially eligible for higher education in 

Chile in 2016. 

4.1.1. Baseline Model 1 

The modeling strategy assumption in Model 1 is that high school graduates’ primary 

decision is whether or not to take the (mandatory) country-wide pre-selection test. Only 

in the second stage, conditional upon successfully passing this pre-selection test, must the 

student decide whether to apply to the university. In the absence of longitudinal data, we 

use the natural estimation strategy, a Heckman correction procedure. 

More specifically, we use the Heckit model ([14]; see also [15]), which allows for the 

estimation of two probit models with controls for self-selection bias, which may arise due 

to exclusion of students who exit the application process for higher education (i.e., insuf-

ficient score on the PSU or no application to university). We find two examples of Heckit 

estimations close to those in this paper in [16-17]. 
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Figure 3. Flow chart of trajectory to higher education. 

In Model 1, if the students who must decide whether or not to apply to the university 

differ systematically from high-school graduates who did not pass the pre-selection test, 

the estimated coefficients of the determinants of the application decision are likely to be 

biased. To address this potential selection bias in the probit estimation, we estimate two 

probit models, where each model consists of a (probit) selection equation and a (probit) 

outcome equation (see also [18]): 

𝑦1𝑖
𝑎𝑝𝑝𝑙𝑦

= (𝑥1𝑖𝛽1 + 𝑢1𝑖 > 0) , (1) 

𝑦2𝑖
𝑝𝑟𝑒−𝑠𝑒𝑙𝑒𝑐𝑡

= (𝑥2𝑖𝛽2 + 𝑢2𝑖 > 0) , (2) 

where equation (1) is the main equation and equation (2) the selection equation. The bi-

nary outcome in equation (1), which is related to the student’s decision whether to apply 

to university, is of course only observed if the student passes the PSU. The dependent 

variable in equation (2) is also a binary variable and takes a value of one for students who 

passed the PSU and zero otherwise. 

It is further assumed that the error terms, representing idiosyncratic unobservable 

variables, are bivariate normal and independent of the explanatory variables (exogeneity) 

in both equations; that is: 

𝑢1𝑖  ~ 𝑁(0,1) , (3) 

𝑢2𝑖  ~ 𝑁(0,1) , (4) 
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corr(𝑢1, 𝑢2) = 𝜌 , (5) 

where the models are estimated using Maximum Likelihood (ML). The log likelihood is 

computed as follows: 

lnL= ∑ 𝑤𝑖ln{Φ2(𝑥1𝑖𝛽1 + 𝑜ffset𝑖
𝛽1 , 𝑥2𝑖𝛽2 + offset𝑖

𝛽2 , 𝜌)}
𝑖∈𝑆

𝑦𝑖≠0

+ ∑ 𝑤𝑖ln{Φ2(−𝑥1𝑖𝛽1 + 𝑜ffset𝑖
𝛽1 , 𝑥2𝑖𝛽2 + offset𝑖

𝛽2 , −𝜌)}
𝑖∈𝑆

𝑦𝑖=0

+ ∑ 𝑤𝑖ln{1 − Φ(𝑥2𝑖𝛽2 + offset𝑖
𝛽2)}

𝑖∉𝑆

 , 

(6) 

where S is the set of observations for which yi is observed, Φ2(∙) is the cumulative biva-

riate normal distribution function (with mean [0 0]’), Φ(∙) is the standard cumulative nor-

mal, and 𝑤𝑖  is an optional weight for observation i. 

 

The selection-bias problem in equation (1) occurs when the error terms in the two 

equations are correlated (𝜌 ≠ 0). The Heckit approach should correct for such selection 

biases by also estimating equation (2), thus providing consistent and asymptotically effi-

cient estimates for the unknown parameters in the model. 

4.1.2. Baseline Model 2 

We follow the same approach as in Model 1. Along similar lines, the model encom-

passes the binary outcome in equation (7). This outcome is related to the DEMRE’s final 

decision to admit or deny students access to higher education, where the binary outcome 

is only observed if the student in fact applies to university. The dependent variable in 

equation (8) is also a binary variable that takes a value of one for students who applied to 

university, and zero otherwise. If applicants admitted to university education differ sys-

tematically from high-school graduates who did not apply to university, the estimated 

coefficients of the determinants of the admission decision are likely to be biased. 

To address this potential selection bias, we again estimate two probit models, each 

model consisting of a (probit) selection equation and an (probit) outcome equation: 

𝑦1𝑖
𝑎𝑑𝑚𝑖𝑡 = (𝑥1𝑖𝛽1 + 𝑢1𝑖 > 0) , (7) 

𝑦2𝑖
𝑎𝑝𝑝𝑙𝑦

= (𝑥2𝑖𝛽2 + 𝑢2𝑖 > 0) , (8) 

under similar assumptions to those in Model 1. 

4.2. Heckman Probit models with spatial effects 

In this section, we augment the previous Heckit models to include spatially lagged 

explanatory variables to account for the student’s neighborhood and to address the en-

dogeneity problem caused by spatial autocorrelation. We use GeoDa software ([19]) to 

estimate the spatial lag variables and Stata’s ‘heckprob’ command to estimate the Heck-

man probit models with sample selection. 

More specifically, we consider two ways of including spatial effects in the Heckit 

model. First, we show that Moran’s I test is calculated on the residuals of the Heckit model. 

Second, we examine the role of localized social interactions between “neighbors” (nearby 

in a spatial sense) that occur in the context of information exchange and social context 

related to participation in higher education. 

4.2.1. Endogeneity issues and spatial autocorrelation test of the residuals 

An endogeneity problem may arise because individual students who live in the same 

socio-spatial setting (social space) may act in a similar way because they share common 

unobservable factors or institutional environments ([20]). This phenomenon creates 
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spatial dependence that reflects a situation in which a given student’s values may be con-

tingent on the values of students living nearby ([21]). 

We thus calculate the Moran’s I test statistic to assess the presence of spatial error 

autocorrelation in the Heckit model. The general form of Moran’s I is given by: 

𝐼 =
𝑄∗

𝜎̃𝑄∗
 , (9) 

where: 

𝑄∗ = 𝑢̂𝑛
′ 𝐖𝑛𝑢̂𝑛 , (10) 

in which 𝑢̂𝑛 is the n × 1 vector of the generalized residual of the Heckit model; W is the 

familiar n × n spatial weights matrix, which reflects the vicinity relations among the n 

spatial observations, where the main diagonal is equal to zero by convention; and 𝜎̃𝑄𝑛
∗  is 

a normalizing factor ([22]). The generalized residual values of the Heckit model are calcu-

lated as follows: 

𝑢̂𝑖 = 𝑦1𝑖 − 𝑥1𝑖
′ 𝛽̂1 +

𝜎̂12

𝜎̂2
2 {

𝜙(𝑥2𝑖
′ 𝛽̂2)

Φ(𝑥2𝑖
′ 𝛽̂2)

}  for 𝑖 = 1,2, … , 𝑛 , (11) 

where 𝛽̂1, 𝛽̂2, and 𝜎̂12 are the maximum likelihood estimates of the variable parameters 

and inter-equation residual covariance, respectively; and 𝜙(∙) and Φ(∙) denote the prob-

ability density and cumulative distribution functions of the standard normal distribution. 

The term in curly brackets, known as the inverse Mills ratio, coincides with the general-

ized residual of the probit model ([23]). 

4.2.2. A spatial Heckit model 

The spatial version of Heckit Model 1 (university application) takes the form of a 

cross-sectional spatially lagged SLX model ([24]; see also [25,26]). This model incorporates 

an augmented outcome equation to account for the latent spatial structure of the decision-

making process, reflected by 𝑦1𝑖 , given by: 

𝑦1𝑖
𝑎𝑝𝑝𝑙𝑦

= (𝑥1𝑖𝛽1 + (𝐖𝑥1𝑖)𝛾1 + 𝑢1𝑖 > 0) , (12) 

where 𝑥1𝑖 contains the usual explanatory variables (as in the standard Heckit model), W 

is the spatial weights matrix indicating “nearest neighbors”, 𝐖𝑥1𝑖 are the spatial lagged 

variables representing local “spillovers”, and γ1 is an additional vector of unknown pa-

rameters to capture interaction spatial effects ([21]). 

Local spatial spillovers are appropriate when the proper spatial range of the explan-

atory variables is the location and its immediate neighbors (but not beyond); that is, the 

range of neighbors considered in the reference space—for example, only direct neighbors, 

not neighbors’ neighbors ([27]). This concept is in line with [12]’s claims, for whom the 

nearby environment of the students’ address (family, school, neighborhood) constitutes 

its main spatial contextual reference. 

Similarly, we extend the selection equation in Model 1 by including an SLX term, 

given by: 

𝑦2𝑖
𝑝𝑟𝑒−𝑠𝑒𝑙𝑒𝑐𝑡

= (𝑥2𝑖𝛽2 + (𝐖𝑥2𝑖)𝛾2 + 𝑢2𝑖 > 0), (13) 

For Heckit Model 2, university application becomes the selection criterion. We thus 

extend the selection equation to include only SLX terms, not the outcome equation, be-

cause admission depends on the decision of the DEMRE (not of the student): 

𝑦1𝑖
𝑎𝑑𝑚𝑖𝑡 = (𝑥1𝑖𝛽1 + 𝑢1𝑖 > 0)  , (14) 

𝑦2𝑖
𝑎𝑝𝑝𝑙𝑦

= (𝑥2𝛽2 + (𝐖𝑥2𝑖)𝛾2 + 𝑢2𝑖 > 0) , (15) 

5. Estimation results 
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5.1. Baseline models 

This section presents the results for two baseline models. 

• Baseline Model 1 

1.  Main equation: 

Pr(APPLICATION = 1|PRE-SELECTION = 1) =
= 𝛽0 + 𝛽1FEMALE + 𝛽2Log(LIT_SCORE)
+ 𝛽3Log(MATH_SCORE) + 𝛽4Log(GRADE_PTS)
+ 𝛽5Log(DISTANCE) + 𝛽6[Log(DISTANCE)]2

+ 𝛽7WORKING + 𝑢1 , 

(16) 

2. Selection equation: 

Pr(PRE-SELECTION = 1)
= 𝛾0 + 𝛾1FEMALE + 𝛾2Log(GRADE_PTS)
+ 𝛾3RURAL+𝛾4Log(DISTANCE) + 𝛾5WORKING
+ 𝛾6𝑆𝐼𝐵𝐿𝑈𝑁𝐼𝑉 + 𝛾7SOCIAL_CAP + 𝑢2 , 

(17) 

This first baseline model uses the variables "RURAL", “SIBL_UNIV”, and "SO-

CIAL_CAP" as exclusion criteria (instruments) that correlate with selection (“PRE-SELEC-

TION”) but not with the binary outcome in the main equation (“APPLICATION”). 

• Baseline Model 2 

1.  Main equation: 

Pr(ADMISSION = 1|APPLICATION = 1) =
=  𝛽0 + 𝛽1FEMALE + 𝛽2Log(LIT_SCORE)
+ 𝛽3Log(MATH_SCORE) + 𝛽4Log(GRADE_PTS) + 𝑢1 , 

(18) 

2. Selection equation: 

Pr(APPLICATION = 1)
= 𝛾0 + 𝛾1FEMALE + 𝛾2Log(LIT_SCORE)
+ 𝛾3Log(MATH_SCORE) + 𝛾4Log(GRADE_PTS) + 𝛾5RURAL
+ 𝛾6Log(DISTANCE) + 𝛾7[Log(DISTANCE)]2

+ 𝛾8WORKING + 𝛾9SOCIAL_CAP + 𝑢2, 

(19) 

This model uses the variables "RURAL", "DISTANCE", "WORKING", and "SO-

CIAL_CAP" as exclusion criteria (instruments) that correlate with selection (“APPLICA-

TION”) but not with the binary outcome in the main equation (“ADMISSION”). 

Table 2 shows the results of the baseline models. For both models, we found a statis-

tically significant selection of unobserved factors (non-negative correlation between the 

errors of the main and selection equations). That is, (i) applicants to university are system-

atically different from the students who did not pass the pre-selection test (Model 1), and 

(ii) applicants to university who are granted admission to higher education are likely to 

be systematically different from students who did not apply to university. 

In the application model, as expected, the variables with considerable influence on 

the probability of getting into university are the test results, and the mathematics test has 

the most significant effect on the probability that a student will apply to university. Grades 

are another variable with considerable influence on the probability of a student applying 

to university. 

Students’ characteristic variables are also important to explaining the probability of 

both being preselected and applying to university. Women are less likely to pass the PSU, 

but once they have passed this exam, they are more likely than men to apply to university. 

After the application process, however, the probability of being accepted into higher ed-

ucation is significantly lower for women. 

Table 2. Estimated coefficients from Heckman probit – Baseline models. 

 Baseline Model 1 Baseline Model 2 
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A: Main equations 
Pr(APPLICATION=1| 

PRE-SELECTION=1) 

Pr(ADMISSION=1| 

APPLICATION=1) 

FEMALE 0.176*** (22.1) -0.248*** (-35.6) 

Log(LIT_SCORE) 2.054*** (60.6) 0.886*** (34.9) 

Log(MATH_SCORE) 2.488*** (67.8) 1.257*** (50.1) 

Log(GRADE_PTS) 0.625*** (16.0) 0.585*** (25.3) 

WORKING -0.155*** (-12.1) ̶ ̶ 

DISTANCE 0.056*** (27.5) ̶ ̶ 

DISTANCE squared -0.002*** (-15.3) ̶ ̶ 

Constant -31.924*** (-82.6) -16.118*** (-82.2) 

B: Selection equations Pr(PRE-SELECTION=1) Pr(APPLICATION=1) 

FEMALE -0.256*** (-44.8) 0.144*** (24.4) 

Log(LIT_SCORE) ̶ ̶ 2.700*** (139.9) 

Log(MATH_SCORE) ̶ ̶ 2.069*** (111.5) 

Log(GRADE_PTS) 3.470*** (196.9) 1.210*** (62.2) 

DISTANCE -0.019*** (-28.9) 0.041*** (28.4) 

DISTANCE squared ̶ ̶ -0.001*** (-12.5) 

RURAL -0.573*** (-29.2) -0.170*** (-9.4) 

WORKING -0.056*** (-6.2) -0.078*** (-9.4) 

SIBL_UNIV 0.170*** (26.7) ̶ ̶ 

SOCIAL_CAP 0.196*** (138.7) 0.028*** (23.0) 

Constant -21.252*** (-193.9) -37.220*** (-259.9) 

Athrho -0.267*** (-13.8) -2.261*** (-61.8) 

Rho -0.261***  -0.979***  

No. of observations 260,775 260,775 

No. of censored observations 103,398 120,256 

No. of uncensored observations 157,377 140,519 

Likelihood Ratio test 206.4*** 7,603.0*** 
Note: t statistics in parentheses. * p < 0.05, ** p < 0.01, *** p < 0.001. 

Additionally, working students are less likely to pass the PSU and apply to univer-

sity. This phenomenon could reflect lower priority and/or interest in educating these can-

didates or higher opportunity cost of accessing the university. 

As to familial variables, students with siblings at university are more likely to pass 

the PSU, as are those with higher levels of social capital (a composite variable of parental 

education and family income). Candidates living in rural areas are less likely to pass the 

PSU. 

Finally, distance to the Santiago plays a different role in the pre-selection and appli-

cation equations. On the one hand, the probability of passing the PSU declines linearly 

with distance to Santiago, but once students pass this exam, there is a non-linear positive 

relation between distance to Santiago and probability of applying to university (Figure 4). 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 20 December 2021                   doi:10.20944/preprints202112.0022.v2

https://doi.org/10.20944/preprints202112.0022.v2


 

 

 

Figure 4. Effect of distance from students’ home to Santiago city on the probability of apply-

ing to university. 

Students living in peripheral areas are viewed as more likely to apply to university. 

The distance variable shows an inverted U effect on applying to the university. That is, 

when distance to Santiago increases, the probability of applying to university increases to 

a threshold of 1,400 kilometers (Antofagasta region, in the North and Aysén region, in the 

South), at which point it begins to decrease. Additionally, the probability of applying is 

increasingly variable, from the distance threshold to the country limits. This variability 

can be explained by the many private universities concentrated in the Metropolitan Re-

gion. The private universities offer their residents more opportunities to access higher ed-

ucation once they pass the PSU than are available to those living farther from Santiago, 

who opt to apply to the traditional higher education system. 

5.2. Spatial models 

5.2.1. Specification of the spatial weights matrix 

Based on the spatial distribution of the individual students in Chile, we identify spa-

tial neighborhoods to be used in the construction of the spatial weights matrix. We use an 

exploratory approach to characterize the structure of the spatial weights matrix W. More 

specifically, based on the addresses of all the students, we performed Thiessen polygoni-

zation to define the spatial contiguity within the neighborhood. The most frequent num-

ber of neighbors was three, covering around 41% of the total number of students. Taking 

this into consideration, we specified three different W matrices: (i) dispersed matrix (few 

neighbors): 3 neighbors; (ii) dense matrix (more neighbors): 100 neighbors; (iii) very dense 

matrix: 300 neighbors. 

Table 3. Results of Moran’s I test on the baseline model residuals. 

Baseline model Nearest neighbor # Moran’s I z-Value Pseudo p-value 

Model 1 

3 0.082 61.0 0.001 

100 0.074 276.8 0.001 

300 0.066 453.9 0.001 

Model 2 

3 0.014 10.2 0.001 

100 0.015 57.0 0.001 

300 0.011 73.1 0.001 
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Table 3 shows the results from the Moran’s I test of the residuals of the baseline mod-

els—equations (9) and (10)—using an inferential process based on the permutation ap-

proach (9,999 permutations). Moran’s I is statistically significant for the three types of W 

matrices, and the dense matrix shows the most significant z-value. 

Despite the high significance of the tests, with pseudo p-values at 0.001, the slope of 

the regression line in the Moran scatterplot exhibits a weak and uniform pattern of spatial 

association. The Moran scatter plot was first outlined in [28]. It consists of a plot with the 

spatially lagged variable on the y-axis and the original variable on the x-axis. The slope of 

the linear fit to the scatter plot equals Moran’s I. Figure 5 represent these plots for the 

dense and most significant spatial weights matrix, W300. 

 

  

(a) (b) 

Figure 5. Moran’s I test on the model residuals for W300. 

Spatial autocorrelation analysis of the baseline model residuals thus demonstrates 

the existence of statistically significant spatial neighborhood effects influencing the uni-

versity access process in Chile, especially in the vicinity of 300 neighbors. This spatial ef-

fect is not very strong for the global spatial structure, however, suggesting the existence 

of local spatial autocorrelation—spillovers—in this phenomenon. As stated above, the 

SLX model estimates spatial local spillovers, which are suitable for our purpose here. Ad-

ditionally, [29] pointed out that when spatial dependence is weak, the best fitting specifi-

cation might be the SLX model. 

5.2.2. SLX Heckit model results 

Next, we present the specification of the SLX Heckit models for a spatial weights 

matrix of 300 neighbors (W300). 

• Spatial Model 1 

1. Main equation: 

Pr(APPLICATION = 1|PRE-SELECTION = 1) =
= 𝛽0 + 𝛽1FEMALE + ⋯ + 𝛽8𝐖300Log(GRADE_PTS)
+  𝛽10𝐖300WORKING + 𝑢1 , 

(20) 

2. Selection equation: 

Pr(PRE-SELECTION = 1)
= 𝛾0 + 𝛾1FEMALE + ⋯ + + 𝛾8𝐖300𝑆𝐼𝐵𝐿𝑈𝑁𝐼𝑉

+ 𝛾9𝐖300SOCIAL_CAP + 𝑢2 , 
(21) 

This model uses the statistically significant variables “SIBL_UNIV” and "SO-

CIAL_CAP" as exclusion criteria (instruments) that correlate with selection (“PRE-SELEC-

TION”) but not with the binary outcome in the main equation (“APPLICATION”). 
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• Spatial Model 2 

1. Main equation: 

Pr(ADMISSION = 1|APPLICATION = 1)
= No spatially lagged variables included , 

(22) 

2. Main equation: 

Pr(APPLICATION = 1)
= 𝛾0 + 𝛾1FEMALE + ⋯ + 𝛾10𝐖300WORKING
+ +𝛾11𝐖300SOCIAL_CAP + 𝑢2, 

(23) 

This model uses the statistically significant variables "WORKING" and "SO-

CIAL_CAP" as exclusion criteria (instruments) that correlate with selection (“APPLICA-

TION”) but not with the binary outcome in the main equation (“ADMISSION”). 

Table 4 shows the main outcomes of the SLX Heckit models. In spatial model 1, each 

candidate’s social capital and siblings already enrolled in the university have a positive 

effect on the probability of successfully passing the PSU. Additionally, the spatial neigh-

borhood of the 300 nearest candidates leverages the positive impact of these variables. 

That is, the existence of nearby applicants with high levels of social capital and siblings at 

the university influences a candidate positively to pass the PSU. Hence, a “good” social 

environment matters for success on the PSU. 

Having good high-school grades and not having a job are significant in explaining 

candidates’ probability of both passing the PSU and applying to university. In this case, 

however, students are also affected by their closest neighbors’ performance in high school 

and professional situation. The spatial effect of the variable “WORKING” in particular is 

significantly higher, indicating that the presence in a student’s neighborhood of many 

high-school peer graduates already working will discourage him/her to apply to univer-

sity after passing the PSU. 

In spatial model 2, social capital also has a significant positive effect on a student’s 

probability to apply to university, and having a job has a significant negative effect, as 

shown above. In this case, the candidates’ spatial neighborhood will influence their deci-

sion to apply to university through social capital and professional situation. As to ultimate 

acceptance to a university and a career, spatial effects are not relevant, since this decision 

must be taken exclusively by the university. 

A student’s spatial vicinity is thus crucial to ensuring that a candidate both pass the 

PSU exam and apply to university. Specifically, four variables have local spillovers: social 

capital, professional situation, having siblings studying at a university, and having good 

marks in high school. The best environment for a student to succeed in accessing higher 

education in Chile includes peers who got good marks in high school and do not have a 

job, and high social capital and siblings already studying at a university. Conversely, the 

worst neighborhood for a higher education candidate includes peers who got bad grades 

in high school and have a job, and lack of good social capital status or of siblings at uni-

versity. We would also add other environmental variables with a negative impact on 

higher education accessibility, such as living in rural areas and/or ultra-peripheral re-

gions, over 1,400 km. far from Santiago. It is thus important for the state to foster policies 

that motivate students living in working-class neighborhoods to see the university as a 

valid option for their personal advancement. Students who live in environments with 

good secondary schools, where students earn good grades, are more likely to apply than 

others. This finding strengthens support for the above-mentioned need to foster public 

policies to improve the quality of secondary education in the most disadvantaged neigh-

borhoods. 

The results indicate a problem of gender inequality. Although women’s likelihood of 

applying to university is higher than men’s, their probability of ultimately being accepted 

is significantly lower. This is clearly a serious problem that merits further in-depth study 

to see whether bias exists in the model used or in the type of education women receive. 

The effect of the candidates’ social capital, while statistically significant, does not seem as 
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relevant as initially expected, perhaps due to its correlation with the effect of the variable 

of student grade-point average in secondary education and score on the PSU. 

Table 4 Estimated coefficients of the spatial Heckman probit models. 

 Spatial Model 1 Spatial Model 2 

A: Main equations 
Pr(APPLICATION=1| 

PRE-SELECTION=1) 

Pr(ADMISSION=1| 

APPLICATION=1) 

FEMALE 0.177*** (22.3) -0.248*** (-35.6) 

Log(LIT_SCORE) 2.047*** (60.2) 0.886*** (34.9) 

Log(MATH_SCORE) 2.455*** (66.6) 1.258*** (50.1) 

Log(GRADE_PTS) 0.602*** (15.4) 0.587*** (25.3) 

WORKING -0.145*** (-11.3) ̶ ̶ 

DISTANCE 0.052*** (24.1) ̶ ̶ 

DISTANCE squared -0.002*** (-13.1) ̶ ̶ 

Spatial lag W300WORKING -0.799*** (-6.2) ̶ ̶ 

Spatial lag W300Log(GRADE_PTS) 0.367** (3.2) ̶ ̶ 

Constant -33.747*** (-40.1) -16.138*** (-82.3) 

B: Selection equations Pr(PRE-SELECTION=1) Pr(APPLICATION=1) 

FEMALE -0.256*** (-44.8) 0.144*** (24.4) 

Log(LIT_SCORE) ̶ ̶ 2.698*** (139.6) 

Log(MATH_SCORE) ̶ ̶ 2.061*** (110.8) 

Log(GRADE_PTS) 3.491*** (197.1) 1.207*** (61.8) 

DISTANCE -0.020*** (-30.2) 0.040*** (26.1) 

DISTANCE squared ̶ ̶ -0.001*** (-11.6) 

RURAL -0.537*** (-27.4) -0.168*** (-9.3) 

WORKING -0.065*** (-7.2) -0.076*** (-9.1) 

SIBL_UNIV 0.160*** (25.1) ̶ ̶ 

SOCIAL_CAP 0.175*** (114.4) 0.0236*** (17.4) 

Spatial lag W300WORKING ̶ ̶ -0.396*** (-5.1) 

Spatial lag W300SOCIAL_CAP 0.048*** (10.5) 0.020*** (7.3) 

Spatial lag W300SIBL_UNIV 1.256*** (18.2) ̶ ̶ 

Constant -21.746*** (-193.2) -37.099*** (-257.7) 

Athrho -0.269*** (-13.5) -2.252*** (-62.1) 

Rho -0.262***  -0.978***  

No. of observations 260,775 260,775 

No. of censored observations 103,398 120,256 

No. of uncensored observations 157,377 140,519 

Likelihood Ratio test 195.7*** 7,600.6*** 

Likelihood Ratio test – spatial 

 [d.f. = 4]/ [d.f. = 2] 
1,795.6*** 97.0*** 

Distance to Santiago seems to have an inverted U-shaped effect, such that the greater 

the distance between students and Santiago, the greater students’ probability of applying 

to and being accepted at university. This trend continued up to a threshold distance of 

1400 kilometers, or to the regions at the geographical extremes of Chile—region II in the 

north and region XI in the south. As stated above, the best university education system is 

clearly concentrated in the central region of Chile, as are many private universities that 

do not form part of the PSU admission system and to which students can apply if they are 

not admitted to the traditional universities. This U shape again demonstrates the 
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importance of improving the quality of secondary school instruction in the ultra-periph-

eral Chilean regions, especially the rural ones, to increase the rates at which students in 

these regions enter the university. 

6. Conclusions 

This paper has two main objectives, implementation of a spatial Heckman probit 

model and validation of the importance of geography to education. This paper uses a dis-

crete sample selection model augmented with local spatial autocorrelation effects to ex-

plore the role of spatial interaction role of Chile’s educational economy.  

The model was respecified as a spatial cross-regressive (SLX) model, which adds the 

spatially lagged explanatory variables to the standard Heckit model. This model can ab-

sorb and explain the effect of spatial dependence or proximity among the students on their 

probability of accessing higher education. This model can be estimated directly using the 

maximum likelihood method appropriate to the Heckit model, given the exogenous char-

acter of the lagged spatially explanatory variables and the model’s suitability for explain-

ing local spatial externalities even when they occur with weak intensity, as in this model. 

The application process to enter the universities has been explained in two parts, or 

models: the first is based on students’ decision to take the PSU test; this first step leads to 

the second, the DEMRE’s decision on the student’s application. 

Our hope is that this paper will serve as a starting point for future research that esti-

mates a SAR-Heckit model to quantify global spatial autocorrelation effects, their direct 

and indirect effects at national level, and new specifications of the spatial weights matrix 

based on social networks or socioeconomic factors. 
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