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The main objective of this article is to present and validate a statistical model (N = 3,152) to predict the dropout of students
from the School of Engineering of the Universidad Catoélica de la Santisima Concepcion (UCSC) in Chile. Student
droupout in engineering is a generalized and multifactorial phenomenon, even more so when the student can use his or her
university access score for a period of two years. In the UCSC, a distinction is made between formal and nonformal
droupout. The information collection methodology in this study included the survey administered by the Department of
Evaluation, Measurement and Educational Registry of Chile (DEMRE) and input from the Directorate of Admission and
Academic Registration of the UCSC. Within the analysis groups were students who formally resigned and were analyzed
according to the reasons they gave for leaving; the other group was constituted by students who did not formalize their
abandonment, deserters. Subsequently, a logistic regression analysis was applied to determine which variables would best
explain the phenomenon of droupout. Among the main factors are gender (GENDER), program (AU), cumulative
average score (PPA_SCORE), mathematics score of the university selection test (PSU_MATH_SCORE), mother
education level (EDU_MOM), progression rate of student in engineering program (PROGRESSION_RATE) and
socioeconomic quintile of student (QUINTILE). The performance of the prediction model shows an accuracy (88.53%)
and precision (88.69%), which is a very encouraging result in relation to the performance of the studies reviewed in the

literature.

Keywords: dropout; engineering; higher education

1. Introduction

Student droupout in engineering education is a
generalized and multifactorial phenomenon, even
more so since the Council of Rectors of Chile
(CRUCN) resolved agreement 79/2010 in the plen-
ary session N° 519 on October 28, 2010, held at
Pontificia Universidad Catoélica de Chile, that the
score of the University Selection Test (PSU) would
remain valid for two years. This would allow
students who take this test to apply to an engineer-
ing program and then, if they decide to do so, apply
to another program or take the selection test again.
The literature shows that the definitions of droup-
out are diverse: In [1] droupout was described as a
“voluntary or forced interruption of university studies
that can occur temporarily or permanently, during
the advancement of the curriculum without complet-
ing and achieving the degree of the training pro-
gram”. In [2] was defined as “‘the premature
abandonment of a study program before reaching
the degree and time elapsed long enough to rule out
the possibility of the student reincorporating”. These
definitions suggest both voluntary and nonvolun-
tary reasons for the phenomenon. In the Universi-
dad Catolica de la Santisima Concepcion, a private
institution with state support, a distinction is made
between formal and nonformal droupout. The first
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includes all those cases in which the student volun-
tarily registers his or her abandonment, and in the
second includes those cases in which this does not
occur. The purpose of this work is to identify the
predictive factors that affect student dropout, and
for this purpose, both subsets are considered to
align with the overall understanding of the concept.

The article is organized as follows: Section 2
characterizes the university, the faculty and the
retention rates. Section 3 describes the theoretical
approaches and models of droupout and a litera-
ture review on related works, and Section 4 details
the work methodology to describe the main results
obtained and validation of model in Section 5.
Ending with the discussion of the results in Section
6 and the conclusions in Section 7.

2. Current Situation

2.1 Chilean Tertiary Education System

The Higher Education Information Service of the
Ministry of Education of Chile (SIES) shows that
by 2021, the Tertiary Education System of Chile
was made up of 142 higher education institutions,
of which 58 were universities, 34 were professional
institutes and 50 were technical training centers.
These institutions dictate undergraduate, graduate
and postgraduate programs classified by area of
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knowledge. In the same year, the system had
1,204,414 students enrolled in undergraduate pro-
grams, of which 57% were at universities, and of
these, 22% were enrolled in technology studies
(150,390), including Engineering, which is the
object of this study.

First-year retention statistics in undergraduate
programs show that in 2020, retention was 82.6%
for engineering programs; 2.6% less in those related
to information technology, and this area ranked
among the 3 out of 10 areas with the most pro-
nounced dropout rate.

Another important fact, which is related to this
study, is that the retention rate of first-year students
in professional studies shows that students from
municipal secondary schools had worse retention
rates than students from subsidized schools and
other individuals, with these indicators being
80.3%, 83.9% and 87.2%, respectively, in 2020.

Itis also important to note that in general, female
students present better retention results for bache-
lor’s degree programs in professional and technol-
ogy studies.

However, if the indicator of expected curricular
progress in professional courses of study by area of
knowledge is analyzed, technology studies is again
among the top 3 of 10 areas with the worst retention
result, having a value of 80.6% for the year 2020,
which was 3.4 percentage points below the average
of 84.0%.

2.2 UCSC School of Engineering

The Universidad Catdlica de la Santisima Concep-
cion (UCSC) was founded by the Archdiocese of
Concepcion in 1991 as a private, regional institu-
tion belonging to the Council of Rectors of Chile.
The university serves approximately 12,000 stu-
dents, of which 1,956 study in one of the five
career paths offered by the Faculty of Engineering,
which was established in 1998. Seventy percent of
its students come from 40% of the most economic-
ally disadvantaged populations in Chile and are the
first members of their families to access higher
education. Due to inequities in school education,

many of these students have deficiencies in their
skills upon entry. The university understands and
responds to this scenario by offering academic
support, including student tutoring programs,
workshops, and curricular activities through the
Student Support Center (CEADE).

The School of Engineering offers psychoeduca-
tional support through the Psychoeducational Sup-
port Program (PAP) available to engineering
students. This activity, together with the articula-
tion of student services, is developed within the
framework of a project with ministerial funds
USC 1999, where one of the expected results is the
decrease in dropout rates.

2.3 Retention rates

As observed in Table 1, first-year retention rates
remain in the range of 74.75% to 81.46% for the
period 2017-2022; in the case of second-year reten-
tion rates, there was an average decrease of 12.6%
percent, and in the third year, especially in the fields
of Electrical Civil Engineering, Geological Civil
Engineering and Computer Civil Engineering,
retention declines to 40%, which is partly explained
by the fact that students can be expelled for aca-
demic reasons in the third year. The third-year
retention rate in Industrial Civil Engineering was
74.56% and in Civil Engineering 66.02% in 2022
(source: Sentinel System, 2022). The retention
behavior is shown in Table 1.

2.4 Formal Dropout

The UCSC distinguishes between RENOUNCED
and DESERTED status, with the main difference
being that students who renounce their course of
study complete a form stating the causes for aban-
donment. As shown in Fig. 1, for the period 2015-
2021, formal dropout numbered 557, and most of
these students indicated they were changing institu-
tion (30.7%), other reasons (20.8%), vocational
reasons (19.6%) and internal changes to a new
program (7.5%). When categorizing of “other rea-
sons”, these were mainly attributed to vocational
aspirations and family problems. Of the total

Table 1. Retention rates at the 1st, 2nd, and 3rd year in the Faculty of Engineering (2015-2022)

Year 2015 2016 2017 2018 2019 2020 2021 2022

2014 341 76.29% | 273 61.07% | 243 54.36% | 222 49.66% | 201 44.97% | 161 36.02% | 106 23.71% | 64 14.32%
2015 454 100% 340 74.89% | 286 63% 269 59.25% | 252 55.51% | 239 52.64% | 183 40.31% | 105 23.13%
2016 490 100% 383 78.16% | 294 60% 248 50.61% | 232 47.35% | 223 45.51% | 170 34.69%
2017 424 100% 340 80.19% | 265 62.5% | 236 55.66% | 229 54.01% | 215 50.71%
2018 404 100% 302 74.75% | 245 60.64% | 223 55.2% | 208 51.49%
2019 406 100% 294 72.41% | 269 66.26% | 243 59.85%
2020 348 100% 277 79.6% | 220 63.22%
2021 329 100% 268 81.46%
2022 365 100%

Source: Sentinel System, 2022.
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Fig. 1. Formal dropout causes (2015-2021).

number of resignations, 74.1% did so in the first
year, 14.9% in the second year and 10.9% in the
third year. For the purposes of this study, the total
number of dropouts will be considered the union of
the group of students who declared the cause and
those who did not.

3. Background

The systematic review of the related works focuses
on the theoretical models of dropout, in their
dimensions and in the approaches through which
the phenomenon is explained considering universi-
ties similar to the reality of UCSC.

3.1 Dropout Models

Within the theorical higher education dropout
models are those of [2-4] in which the concept of
academic and social integration is mentioned.
According to the authors, academic integration
occurs when there are situations of sharing aca-
demic values and social integration. These occur as
a result of a student’s relationships within the
university community with his or his professors,
peers, administrative staff members, and others. In
general, terms, these models incorporate the indi-

vidual, academic, institutional and socioeconomic
dimensions, as shown in Fig. 2.

Depending on the theoretical model used to
explain dropout, the psychological, sociological,
and interactionist approaches appear (see Fig. 3).

The psychological approach is based on previous
beliefs and behaviors; for example, previous aca-
demic performance influences the student’s perfor-
mance and self-concept [5, 9, 13]. The sociological
approach explains dropout as a maladjustment in
the integration of the environment and the family
[3, 6]. The interactionist explains the permanence of
higher education based on academic and social
experiences [1, 4, 7, 8, 10-12, 14-17].

Academic

Dimensions of
dropout models

Institucional Socioeconomic

)

Fig. 2. Observable dimensions of dropout models.
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Fig. 3. Theoretical approaches from which dropout is explained.

3.2 Previous Dropout Studies

Table 2 summarizes the dropout studies carried out
in the 2007-2021 period at universities similar to the
UCSC in terms of student entry profile; in addition,
studies that were not exclusively oriented to engi-
neering, were included in their sample. The research
topics (RT) considered in the literature review were
the following:

RTI: Characteristics of the student sample.

RT2: Type of study(ies)/applied analysis techni-
que(s).

RT3: Main results (risk/protective factors against
dropout).

Table 2 shows that 3 of the 10 studies apply
machine learning as technique to predict whether
a student will dropout or not during their studies,
the majority apply qualitative-quantitative and
correlation analysis. Lack of motivation and poor
performance of students in basic science courses are
factors that are repeated in the results of the causes
of the dropout problem.

4. Methodology

Fig. 4 shows the methodology for the generation of
this study, the first stage includes a collection of
data from formal and informal dropout students
and the responses to a characterization survey
administered to first-year students by the Depart-
ment of Evaluation, Measurement and Educational
Registry of Chile (DEMRE). With this dataset, we
proceeded to the preprocessing stage, considering
the cleanliness of the data based on completeness
criteria. Next, in the stage of verification of vari-
ables entry conditions, their independence, normal
distribution and noncollinearity were checked.
Later, considering systematic reviews in which the
logistic regression technique was mentioned [28], it
was applied to these data until a minimum set of
variables that would explain dropout was deter-
mined. The initial stages of the attrition model were
developed with the PowerBI and Excel 365 tools
and then continued with Python 3.10 and their

statistical, visualization and machine learning
packages such as Pandas, Numpy, Matplotlib,
SciPy, Sikit-learn, and Seaborn.

5. Results

The results obtained for each stage of methodology
are presented in the following sections.

5.1 Collection of Input Data

The input data corresponded to the records asso-
ciated with all Engineering students in the period
2015-2022, including those who have graduated,
those who remain regular students, and those who
are in an intermediate state or temporary suspen-
sion, those who officially deserted and those lost to
follow-up. There were 3,152 records, including
personal, demographic, academic and family infor-
mation, obtained from a characterization survey
applied by DEMRE to higher education students
each year. Each instance has 66 categorical and
metric variables.

5.2 Data Pre-processing

The pre-processing of the input data began with the
coding of categorical data such as GENDER, AU,
EDU_MOM, EDU_TYPE, REGION, among
others. For the completeness of the missing data,
strategies were used that minimized the impact on
the input data, for example, completing the missing
data of REGION, according to the COMMUNE
and completing the value of the PSU_AVG field
with the value of the mean associated with the
existing records. Completing the IVE (vulnerability
indicator of the school of origin) field with informa-
tion obtained from the Higher Education Informa-
tion Service (SIES) and proceeding to the
elimination of variables and instances that con-
tained less than 50% completeness, less than 15%
were affected, leaving 2,786 records available for
analysis. It was found that the sample was balanced
given that 58.2% corresponds to instances asso-
ciated with student dropouts and 41.8% to non-
dropouts.
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Table 2. Relevant dropout studies

Esteban [22]

Institution
Authors Country TR1 TR2 TR3
Canales and De | Chile Forestry and Agriculture, Art and | Qualitative- Vocational, motivational and
los Rios [18] Architecture, Exact and Natural exploratory. socioeconomic.
Sciences, Social Sciences, Law,
Humanities, Education,
Technology, Administration, and
Commerce.
Diaz [19] UCSC, Chile 207 students from 3 Engineering Quantitative Scholarship,
programs based on Cox Preference,
proportional College credit,
risks. Average university selection test,
Come from a scientific-humanist
school,
Cumulative weighted average,
Family income.
Saldana and UCSC, Chile 329 students Longitudinal Gross family income, Commune of
Barriga [20] explanatory residence,
study. PSU Mathematics Score, PSU
Binary logistic Language Score,
regression. Application preference,
PPA_SCORE,
Accumulated approved credits,
Percentage of financing.
Argote, Jiménez, | Mariana Student, cohorts 2005-2010. Quasi- Academic faculty,
and Gomez [21] | University of San experimental Financing,
Juan de Pasto, study approach | Type of institution,
Colombia Quantitative. Gender.
Bernardo, Oviedo 1,055 student cohorts 2010-2011. Correlation Performance
Cerezo, University, Spain study previous academic
Rodriguez- late enrollment,
Muiiz, Nufez, class attendance.
Tuero, and

Carvajal and
Cervantes [23]

Chile

10 evening students in Civil
Engineering, Aquaculture
Engineering and Commercial
Engineering.

Qualitative study
exploratory.

Conditions and personal and
situational characteristics, capital
and academic performance,
unforeseen events and adverse
circumstances, experience with
institutional supply.

Alvarez, Callejas
and Griol [24]

University of
Computer

456 students, year 2013-2014

J48 decision tree
and a multilayer

96.6% accuracy considering features
of first year con MLP.

Mancha, Spain

Science, Cuba perceptron
(MLP).
Lacave and University of 363 students; 4 courses Bayesian Model not adjusted accurately.
Molina [25] Castilla-La Computer Science Program networks.

(LoGit)

Salas-Morera et | Polytechnic 315 students Quantitative and | Students’ lack of motivation, bad
al. [26] School of Mechanical Engineering, 86 (43 of | qualitative. planning of the course
Cordoba the first year and 43 of the second); by the students, high level of the
University, Spain | Electrical Engineering, 44 (12-32); course’s starting point, syllabus too
Industrial Electronics Engineering, long, too many targeted activities,
71 (37-34); and Software exams too difficult,
Engineering, 114 (60-54). inadequate class timetables, and
inadequate examinations calendars.
Pinheiro et al. Polytechnic 4,848 students, cohorts 2008-2016 | Longitudinal Fail rates in Analytical Geometry,
[27] School at the Civil Engineering (1577), Mining study, survival Calculus I, Calculus IT and General
Federal Engineering (444), Electrical analysis and Physics show highest correlation to
University of Engineering (786), Mechanical correlation student’s dropout rates.
Bahia, Brazil Engineering (796), Chemical study.
Engineering (808) and Sanitary
and Environmental Engineering (437
students).
Collection Data pre- Verification aA“l?c":t&i’;n o
of dl:tl; o . processing . cg;:;itgls . (2 . validation

Fig. 4. Methodology for the generation of the study.
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Fig. 5. Histograms with normal fit for some continuous variables.

5.3 Verification of Entry Conditions

Before applying the statistical model, it was neces-
sary to complete verification of the variables’ input
conditions: (i) their independence, (ii) their normal
distribution (continuous), and (iii) their noncolli-
nearity. For the first condition, the chi-square test
of independence al 95% was applied where in the
case of categorical variables it was necessary to
summarize the data in a contingency table, which
allowed to eliminate variables containing the same
information such as DESC_QUINTILE related to
QUINTILE, ADMISSION_SUB_TYPE related
to ADMISSION_TYPE, NAME_OF_PRO-
GRAM related to AU, and PROGRAM_CRED
determined by AU + PROGRAM; for the second
condition, histograms were generated for the con-
tinuous variables (see Fig. 5), and the kurtosis and
skewness statistics were calculated, which elimi-
nated the variable IVE (see Table 3).

For the last condition, noncollinearity between
quantitative variables was applied Pearson’s

Table 3. Skewness and Kurtosis values for each continuous
variable

Variable Skewness Kurtosis
PPA_SCORE —1.593911506 2.071905847
PPA_FIRST_YEAR —-1.467066117 1.758830688
PSU_LYC 0.065552355 0.302744334
PSU_MATH -0.561701517 1.235686056
PROGRESSION_RATE | 0.83973077 -0.460603063
NEM_SCORE -0.132147036 1.321946583
SCORE_RANKING 0.224538852 0.57703118
IVE 46.67188545 2361.200537

correlation analysis [29, 30]. Fig. 6 shows that the
greatest correlations between variables PRO-
GRESSION_RATE and PASS_CRED (0.998),
NEM_SCORE and RANKING_SCORE (0.97),
PPA_RATE_FIRST_YEAR and PPA (0.94),
CRED_REG_NEXT_YEAR and PROGRES-
SION_RATE (0.7), CRED_REG_NEXT_YEAR
and PASS_CRED (0.7), so it was decided to
eliminate PASS_CRED, NEM_SCORE, CRE-
D_REG_NEXT_YEAR, and PPA_SCORE_
FIRST_YEAR.

Finally, thirteen variables remained for analysis
(see Table 4).

5.4 Binary Logistic Regression

Logistic regression is a special type of regression
that is used to predict a categorical or binary
variable [28]. Binary logistic regression analysis is
applied when there is a variable that describes a
response in dichotomous form (success = 1 or
failure = 0), and it is desired to study the effect
that other independent variables have on it, for
example, in the case of estimating the probability
that an engineering student with a certain entry
profile will drop out or if one wishes to identify the
predictability of a disease from a collection of
symptoms. In general, terms, it is necessary to
evaluate the influence that each independent vari-
able has on the dependent variable. The general
form of the binary logistic regression model is
described in Equation (1).

ePotBixi+Pxa .. Buxn

P(Y = 1|X) = 1 + efotBixi+Baxa+...0uxn (1)
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Fig. 6. Pearson correlation to between variables.

Table 4. Description of the input variables after preprocessing

Number Variables Type Values
1 GENDER Nominal 0: Male;
1: Female
2 EDU_TYPE Nominal 0: Public;
1: Subsidized;
2: Private
3 UA Ordinal 53:UAS53; 54:UA54; 55:UAS55; 117: UA117; 125:UA1225
4 ADMISSION_TYPE Ordinal 0: Special; 1: Regular; 2: Direct
5 PPA_SCORE Continuous Range 1-7
6 FAIL_CRED_FIRST_YEAR Discrete 0-30
7 PSU_MATH_SCORE Continuous 302-738
8 EDU_MOM Ordinal —1: Unknown
0: Incomplete basic education
1: Basic education
2: Incomplete secondary education
3: Secondary education
4: Incomplete Technicians
5: Technicians and incomplete undergraduate program
6: Undergraduate program
7: Graduate program
9 PROGRESSION_RATE Continuous 0-100
10 RANKING_SCORE Continuous Range 300-683
11 QUINTILE Ordinal 1-5
12 PREFERENCE Ordinal 1-10

where xi,x,...x, are the independent variables,
P(Y = 1|X) is the probability of success of the
dependent variable.

After fitting the model with the training data, the
performance metrics observed in Table 5 were

obtained. In turn, Table 5 shows those variables
that have the lowest p-value (<0.05), which would
indicate that there is a significant effect on
student dropout, which allowed to eliminate vari-
ables EDU_TYPE, ADMISSION_TYPE, FAIL_



Predicting Engineering Undergraduates Dropout: A Case Study in Chile

1203

Table 5. Predictor variables

Number | Variable coef p-value
0 Const 0.8265 |0.4690
1 GENDER 0.6199 | 0.0000
2 UA 0.067 | 0.0060
3 PPA_SCORE -0.1249 |0.0000
4 PSU_MATH_SCORE —-0.7246 |0.0040
5 EDU_MOM —0.0462 | 0.0000
6 PROGRESSION_RATE —-0.1025 |0.0000
7 QUINTILE 0.1597 |0.0010
Table 6. Performance of the model

Accuracy Precision Recall F1-Score
88.53% 88.69% 84.29% 86.44%

CRED_FIRST_YEAR, RANKING_SCORE and
PREFERENCE.

Replacing values from Table 5 in Equation (2),
the predictive equation would be:

logit(P(Y = 1|X)) = 0,8265+0,6199 x GENDER +0,0067 *
UA - 0,7246 + PPA_SCORE + 0,0069 * PSUpgat11 — 0,0462
MOTHERGEp, - 0,1025 * PROGRESSIONg g +0,1597 %
QUINTILE )

5.5 Model Validation

The model obtained was validated through a test set
consisting of 20% (558) of the original instances that
were not part of the training stage. The accuracy
metric of the set of tests was 88.53%, which is very
positive considering the proportion of the sample.
The performance of the model can be seen in Table 6.

6. Discussion

In this section, the results are analyzed considering
a set of test cases. Likewise, the generalization of the
model to other Chilean and foreign institutions is
discussed.

Table 7. Model predictions

6.1 Model Prediction

Asseen in Table 7, to determine the probability that
a UCSC Engineering student with a certain entry
profile will dropout, four arbitrary instances were
defined, and the model applied.

From these test cases, with those variables with
the greatest effect on the probability of droupout, it
can be said:

(1) Test case 1: It is less likely that a student who
has a higher PROGRESSION_RATE will drop out
of the major, having a reasonable PPA_SCORE
(5.5). In this case, decreasing the probability of
droupout by 12.36% by increasing the rate of
progression by 50%.

(2) Test case 2: If you change the GENDER
variable from male (1) to female (0), decreasing
droupout (under the same conditions). This could
be based on the characteristics of women, and
how they face adverse environmental factors
described in [16] such as: changes at work, exis-
tence of people in charge, commitment to their
family or the institution, among other. In this
case, decreasing the probability of droupout by
15.32%.

(3) Test case 3: Related to the above, it can be
seen that the EDU_MOM is an important factor
when determining the probability of droupout, it
is lower at a higher educational level. The expla-
nation could prove from the fact that a family
education within an environment that gives the
student greater cultural capital can translate into
better performance for him, a fact that is sup-
ported by the researchers [8]. Something similar is
mentioned in the study by [19] where it is men-
tioned that when parents and support networks
close to young people do not have experience of
higher education, family and social orientation
becomes weaker for the student. In this case,
decreasing the probability of droupout by 8.96%
by increasing the educational mother level by 3
units (see Table 4; row 9)

Test case 1 Test case 2 Test Case 3 Test Case 4
Variable 1 2 3 4 5 6 7 8
GENDER 1 1 1 0 1 1 1 1
UA 125 125 125 125 125 125 125 125
PPA_SCORE 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.6
PSU_MATH_SCORE 567 567 567 567 567 567 567 567
EDU_MOM 4 4 4 4 2 5 4 4
PROGRESSION_RATE 10 15 10 10 35 35 35 35
QUINTILE 2 2 2 2 5 5 5 5
Logit 1.3205 0.8080 1.3205 0.7006 -0.6705 -0.8091 —-0.7629 -0.83536
P(dropout = 1|1X) 0.7892 0.6916 0.7892 0.6683 0.3383 0.3080 0.31801 0.30251

4 12.36% (! 15.32% (3 8.96% (! 4.88%
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(4) Test case 4: Each tenth of increase in the
PPA_SCORE decreases the probability of drop-
ping out by 4.88%.

6.2 Generalization of Prediction Model

The system of access to universities in Chile is highly
centralized, 79% of the universities are attached to
the Single Admission System (SUA) (46 institutions
for the 2024 admission process), which is adminis-
tered by the Department of Evaluation, Measure-
ment and Educational Record (DEMRE)
dependent on the University of Chile [31]. In
addition, there is the Higher Education Informa-
tion Service (SIES), of the Chilean Ministry of
Education, which as of 2017 requests High Educa-
tion institutions information on program, enroll-
ment, passing rates, retention, qualifications,
among other data that allow the construction of
general indicators for the entire system [32]. As
mentioned in the methodology (section 4) and
results (sections 5.1. and 5.2.), all the variables
used in this study are taken from both the
DEMRE and SIES databases, so the proposed
model can be applied to the 46 Chilean universities
that belong to the SUA.

On the other hand, there are studies that have
compared the admission system to Chilean univer-
sities with that of other countries in the Americas
and Europe. The study [33] analyzes the access
systems of 10 countries, including Chile, through
the degree of centralization and selectivity of the
process, determining a great similarity between the
SUA in Chile and SISU (Unified Selection System)
in Brazil, which present a similar level of centraliza-
tion and common characteristics such as a single
platform, predetermined selection factors and dis-
tribution through the platform of applicants in
available vacancies. In addition, Anisio Teixeira
National Institute of Educational Studies and
Research (INEP) of the Brazilian Ministry of
Education manages a Census of Higher Education
(CENSUP) that manages similar information to the
SIES in Chile, where it is possible to know the
progression of students, socioeconomic and family
situation data [34]. This suggests that the prediction
model could be applicable to higher education
institutions in Brazil that report data to these
national systems.

There are other countries, such as Argentina or
Canada, which, according to [33], have highly
decentralized admission systems; each university
determines the selection criteria it will use and
therefore does not apply a standardized admission
test for all its institutions. In countries with these
characteristics, this prediction model could not be
applied.

In general, the proposed model has three groups
of variables: (1) variables extracted from the SUA
standardized test (PPA_SCORE, PSU_MATH_
SCORE); (2) personal and socioeconomic vari-
ables (GENDER, EDU_MOM, QUINTIL) and
(3) academic variables (UA, PROGRESSION_-
RATE), therefore, it could be applied to any
institution that applies a standardized test in the
admission process and manages admission and
academic data.

7. Conclusions

It was possible to characterize a group of students
and the reasons for dropping out considering those
who do so formally through the UCSC academic
record system. For those who did not, the logistic
regression model was adequate to predict student
dropout considering mainly the variables
GENDER, UA, PPA_SCORE, PSU_MATH_
SCORE, EDU_MOM, PROGRESSION_RATE,
and QUINTILE. These variables reflect in some
way the individual, academic, institutional, and
socioeconomic dimensions present in the theoreti-
cal models. The results were positively comparable
with the performance of the models reviewed in the
literature.

Within the limitations of the study, it is recog-
nized, as expressed by the theoretical models, that
socio-affective variables should be available to be
added to the input variables that are currently
related mainly to demographic, academic and
family elements.

Likewise, the proposed prediction model is
applicable to all higher education institutions in
Chile and could be applicable to any countries
which admission system to higher education insti-
tutions have a similar operation and data avail-
ability.

The study can be used to make certain types of
decisions in relation to the identified predictor
variables. As a background, the Psychoeducational
Support Program of the Faculty of Engineering
uses as predictor variables the grades of the first
and second contest in critical courses to offer
academic support from peer tutors. To improve
the relevance of these actions, the variables identi-
fied in this study could be incorporated to make a
decision to support those at risk of student dropout.
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