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Abstract

Purpose — The prediction of student attrition is critical to facilitate retention mechanisms. This study aims to
focus on implementing a method to predict student attrition in the upper years of a physiotherapy program.
Design/methodology/approach — Machine learning is a computer tool that can recognize patterns and
generate predictive models. Using a quantitative research methodology, a database of 336 university students
in their upper-year courses was accessed. The participant’s data were collected from the Financial Academic
Management and Administration System and a platform of Universidad Auténoma de Chile. Five quantitative
and 11 qualitative variables were chosen, associated with university student attrition. With this database,
23 classifiers were tested based on supervised machine learning.

Findings — About 23.58% of males and 17.39% of females were among the attrition student group. The mean
accuracy of the classifiers increased based on the number of variables used for the training. The best accuracy
level was obtained using the “Subspace KNN” algorithm (86.3%). The classifier “RUShoosted trees” yielded the
lowest number of false negatives and the higher sensitivity of the algorithms used (78%) as well as a specificity
of 86%.

Practical implications — This predictive method identifies attrition students in the university program and
could be used to improve student retention in higher grades.

Originality/value — The study has developed a novel predictive model of student attrition from upper-year
courses, useful for unbalanced databases with a lower number of attrition students.
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Introduction

Student attrition (SA) can be defined as the premature abandonment of a study program
before acquiring the title or degree (Braxton, 2019; Himmel, 2002). In higher education, there is
a high rate globally. For example, in the USA, it is an issue that affects around 50% of
students (Stinebrickner and Stinebrickner, 2007). We encountered similar numbers in Latin
America (Bruneforth et al., 2004; Patino and Cardona, 2012). In Chile, the attrition rate for
university students is 21 % in the first year (SIES, 2020) and increases to 31% in the second
year (CNED, 2020).

SA is a complex problem comprised of various elements and perspectives (Tinto, 1993).
These include individual socioeconomic, institutional and academic factors (Patino and
Cardona, 2012). Several authors propose that academic performance is crucial to predicting this
phenomenon (Cuji et al, 2017; Méndez, 2016; Patino and Cardona, 2012). This could be
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determined by other modulators such as age, previous learning experiences, schools where the
person studied, gender, socioeconomic situation, family environment, established interpersonal
relations, makeup of groups and/or self-perception of qualities (Villamizar and Romero, 2011).

All of this establishes theoretical and explanatory parameters for this phenomenon.
Although the different reasons for SA are known, however, the tools used are not sufficiently
accurate to identify a priori that a student is at risk (Amaya et al.,, 2014).

Because of the efforts of higher education institutions to carry out the digitization of their
students’ data, access to them has been facilitated, generating new opportunities for their
analysis (Sandoval et al., 2018). In this sense, data mining becomes important and emerges as
an interesting tool to answer complex questions in education such as learning, the prediction
of academic performance and SA (Mduma et al., 2019).

There are currently statistical computer methods that take advantage of the information
on large databases to generate predictive classifiers (Agarwal et al., 2012; Amaya et al., 2014;
Cuji et al, 2017; Dutt et al, 2015). The studies conducted have used various statistical and
predictive tools. Kuna et al. (2010) used machine learning based on data mining, specifically
decision trees, with databases of first- and second-year students doing a bachelor in
engineering. They obtained that the variables “who finances the studies” and “number of
years completed between leaving high school and entering university” are important for the
classification; however, they do not specify the accuracy achieved. Méndez (2016), using first-
year undergraduate student records, tested white-box classification algorithms with
induction rules and decision trees, obtaining an accuracy of up to 88.35%. Miranda and
Guzman (2017) describe success constraints in the classification of 76% with a Bayesian
network, 75% with a decision tree and 83 % with a neural network. Costa et al. (2017), using a
database of 262 students and a support vector machine, obtained up to 92% accuracy in the
early prediction of students’ academic failure in introductory programming courses. For their
part, Murakami ef al (2019) found up to 95% accuracy using logistic regression. This test is
more accurate when using data from both current and graduate students than when only
examining data from graduate students. In the same way, Adejo and Connolly (2018), using a
database of 141 samples, predicted the student academic performance and related it to
retention, achieved an accuracy of 79% through a hybrid model. Most of the studies in this
area focus on SA in the first or second year after entry, which is the population at greatest risk
of attrition (Canales and De los Rios, 2007; Himmel, 2002), but there is a paucity of literature
that addresses this subject in upper-year courses (Gonzalez and Uribe, 2018). Therefore, it is
not clear how these classification tools work when only records of upper-year students are
used, where there is a greater imbalance in the proportion of attrition and non-attrition.

Several research studies focused on using algorithms to predict university students’
attrition, specifically with samples that included students in their upper-year courses.
Bedregal-Alpaca et al (2020) conducted a research with engineering students using decision
trees and neural networks. They found ranges between 65 and 83% of accuracy. In this
avenue, Viloria ef al (2019) found 72% of accuracy for decision trees, 73% for neutral
networks and 76% for Bayesian Network. Cuji ef al (2017) found an accuracy of up to 94%
with a decision tree for students of computer science teaching. It should be noted that all the
studies above were carried out based on university programs associated with engineering or
computer science and not in the context of health students. In this vein, a research with
nursing students was carried out with a decision tree (Moseley and Mead, 2008). The authors
revealed a sensitivity of 84%, a specificity of 70% and an accuracy of 94%.

The purpose of this study was to establish a statistical classifier that could predict which
upper-year students pose a risk of early attrition. The main difference concerning previous
studies is emphasizing the construction of a training matrix composed only by upper-year
students, besides not belonging to the traditionally studied areas such as engineering,
mathematics or computer science. To do this (due to the accessibility to the sample), we chose



to study the physiotherapy program in a Chilean university. At a global level, the tool
proposed here will establish a classification model that is novel in the literature on this topic.
At alocal level, it will help us establish a support system and foster student retention in the
program analyzed in this study.

Materials and methods

Participants

An encoded and anonymized record of 336 students in upper-year courses in the
physiotherapy program at the Universidad Auténoma de Chile was used, which
represents the total number of students enrolled in the entry cohorts between 2012 and
2017. Each of the records was labeled according to attrition (Table 1). The data were collected
from the Financial Academic Management and Administration System (SAGAF in Spanish)
and the platform “Understanding to Include University Student Diversity” (CIDEU, by its
acronym in Spanish). The use of the databases was authorized by the Vice-Dean of the
Faculty of Health Sciences. The project was approved by the Scientific Ethics Committee
(n°120-18) of the Universidad Auténoma de Chile, and developed according to the Declaration
of Helsinki (Asociacion Médica Mundial, 2000).

Selection of variables and data transformation

Based on previous research, sociodemographic (Aulck et al., 2016; Chen et al., 2018; Cuji et al.,
2017; Gil et al., 2020; Ortiz-Lozano et al, 2018; Siri, 2015), academic (Aulck et al, 2016;
Bedregal-Alpaca et al., 2020; Chen et al., 2018; Cuji et al.,, 2017; Gil et al., 2020; Ortiz-Lozano
et al., 2018; Siri, 2015; Viloria et al., 2019; Wan Yaacob et al., 2020), financial aid (Strecht et al.,
2015) and parents’ educational level (Gallegos et al., 2018) variables were chosen. Five
quantitative and 11 qualitative variables were chosen and associated with university
students’ attrition, presented in Table 2. They were encoded according to their nominal,
ordinal or quantitative nature and included in a unique numerical matrix. Following the
stages of “Machine learning” (Fayyad ef al, 1996; Harrington, 2012), a ranking of these
variables was generated according to the entropy of the data through the function
“InfoGainAttributeEval” of the WEKA machine learning software (Frank ef al., 2016).

Algorithns

A brief description of the algorithms used more frequently to classify attrition students is
presented as follows: (1) Regression: this is a way of fitting data to a model. A model can be a
curve in multiple dimensions. The regression process fits the data to the curve, producing a
model that can be used to predict (Paluszek and Thomas, 2019). (2) Neural networks: artificial
neurons learns through repeated trials how to organize themselves better. They are composed
of nodes (neurons) connected to the next set of nodes by a series of weighted trajectories. The
prediction error is evaluated, and the weights are modified to improve the prediction in a

n =336 Number of students Dropouts Percentage of attrition
Cohort 2012 67 18 26.8%
Cohort 2013 35 5 14.3%
Cohort 2014 38 10 26.3%
Cohort 2015 65 11 16.9%
Cohort 2016 66 10 15.2%
Cohort 2017 66 10 152%
Total 336 64 19.0%

Note(s): All students within each cohort are from the same semester
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Table 2.
Ranking of variables
according to entropy

Variable Operational definition Ranking

Average grades Grade between 1.0 (lowest) and 7.0 (highest) 1

Type of financing a. Own. b. Scholarship. c. External loan. d. Internal loan from the 2
university. e. Free. f. Others

Number of subjects with Number of subjects with double fail 3

double fail

Number of subjects failed for =~ Number of subjects failed for the first time 4

the first time

Feels family support Yes—No 5

First in the family to enter Yes—No 6

higher education

Gender Male-Female 7

Age Age in years completed 8

Who they live with a. Alone. b. With family. c. With partner/friends 9

School origin a. Municipal. b. Subsidized. c. Private 10

Years to enter university Number of years completed between high school and entry to 11
university

Works Yes—No 12

Mother’s education level a. Elementary complete. b. Secondary complete. c. Higher 13
complete. d. Graduate studies complete

Origin Urban-Rural 14

Father’s education level a. Elementary complete. b. Secondary complete. c. Higher 15
complete. d. Graduate studies complete

Financial status In arrears—No arrears 16

Note(s): Entropy ranking obtained through the function “InfoGainAttributeEval” of the machine learning
software WEKA

cyclical process (Paluszek and Thomas, 2019). (3) Vector support machine: it is a model that
tries to separate the different classes by means of a space or hyperplane as wide as possible,
classifying according to their proximity (Harrington, 2012). (4) Decision trees: they are
algorithms for classifying using successive partitions, where a first decision must be made
about the dataset to dictate which function is used to divide the data (Harrington, 2012). On the
other hand, these decision trees can be enhanced by random under-sampling boosting
(RUSBoost). Rus stands for random under-sampling. The algorithm takes NN, namely, the
number of members in the class with the fewest members in the training data, as the basic unit
for sampling. Classes with more members are under sampled by taking only N observations of
every class. In other words, if there are K classes, then, for each weak learner in the ensemble,
RUSBoost takes a subset of the data with NV observations from each of the K classes. The
boosting procedure follows the procedure in adaptive boosting for multiclass classification for
reweighting and constructing the ensemble (Mathworks, 2021; Seiffert et al., 2010).

Training the classifier

Using the machine learning application of the Matlab® software (version R2012b, USA), 23
possibilities of statistical classifiers were tested with different hyperparameters, all based on
supervised machine learning. For each, a training matrix was created with 100, 50 and 25% of
the variables with greatest entropy. In addition, an analysis was included using only the first
variable from this ranking.

Design and statistical analysis

This work was developed with a descriptive approach to determine the most sensitive model
to predict attrition. In addition, through a quantitative approach, the following hypothesis is
contrasted: There are significant differences when constructing the classification model with



the first variable, 25, 50 and 100% of the variables of the entropy ranking. For the statistical
analysis, the effectiveness of each classifier was determined by calculating their overall
accuracy using ten-fold cross-validation. Training and evaluation subgroups were generated
according to the attrition label known a priori from the data matrix. Then, the arithmetic
mean of the results was taken from each iteration to obtain the overall accuracy (Kohavi,
1995). The contingency table was constructed with true positives (TP), false positives (FP),
true negatives (TN), false negatives (FN) and the accuracy, sensitivity, specificity and F-score
were determined.

Overall accuracy (ACC) measures the relationship between correct predictions and the
total number of cases. It was calculated according to the following equation:

TP + TN

ACC:TP+TN+FP+FN

The sensitivity (SEN) corresponds to the students who were attrition and were correctly
classified. It was calculated using the following equation:

TP

SEN = 7p +FN

The specificity (SPC) of a test is the probability that a non-attrition student will have a
negative test result. It was calculated using the following equation:

TN

SPC =N P

F1 is a harmonic mean that combines the accuracy and sensitivity values, allowing the
comparison and choice of the best predictive model. It was calculated using the following
equation:

ACC-SEN

=2 ACC + SEN
ROC area, this index can be interpreted as the probability that a classifier scores a positive
instance chosen at random higher than a negative one.

For inferential statistics, the SPSS (Statistical Package for the Social Sciences) version 23.0
was used. The differences in accuracy were evaluated through the Kruskal-Wallis test.
One-factor ANOVA test to evaluate the differences in ROC area and f-measure.
Games—Howell's post hoc multiple comparisons test or the HSD Tukey test were used
based on the homoscedasticity results of the Levene test. For all cases, a significance value of
p < 0.050 was established.

Results
The average age of the group for both the attrition and non-attrition groups was 22 years.
About 23.58% of men and 17.39% of women corresponded to attrition students. About
60.93% of the attrition group came from subsidized education, and 43.75% came from rural
families.

The mean accuracy of the classifiers studied increased in terms of the number of variables
used for the training; 78.61% using the first variable of the entropy ranking, 83.29% with
25% of the variables, 83.67% with 50% of the variables and 83.82% with 100% of the
variables. Figure 1 presents the box plots and the hypothesis test. For accuracy, ROC value
and F-measure, the box plot shows lower values when using only the first variable in the
entropy ranking. In the hypothesis test, significant differences were found when constructing
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the classification model with the first variable, 25, 50 and 100% of the entropy ranking
variables. For accuracy, in the post hoc analyses, statistically significant differences were
found in each comparison with the first variable in the entropy ranking (p < 0.001). For the
ROC value, significant differences were found between using 100% of the variable vs using
the first variable of the entropy ranking (p = 0.020). For F-measure, no significant differences
were found (p = 0.050).

The comparison in terms of accuracy, ROC value and F-measure, of all the classifiers
constructed, trained and tested using the first variable, 25, 50 and 100% of the entropy
ranking variables, are presented in Table 3. The best accuracy level, ROC value and
f-measure were obtained with “Subspace KNN,” “Medium Gaussian SVM” and “RUSboosted
trees,” respectively. The detail of the values obtained for the best classifiers has been
highlighted in italic (Table 3).

Table 4 presents the results of the performance of the classifiers using 100% of the
variables studied in their construction. These results are presented based on the predictive
measures used in this study. The classifier “RUSboosted tress” yielded the lowest number of
FN and the greatest sensitivity of the algorithms used. “Fine Gaussian SVM” and “Coarse
KNN” achieved maximum specificity. The values obtained have been highlighted (Table 4).

Discussion

We implemented a method to predict SA in the upper years of a physiotherapy program using
machine learning with the university’s data. The main result obtained in this study indicates
that the most sensitive model to predict attrition is “RUSboostedtrees,” using 100% of the
analyzed variables. This classifier’s success could be explained by the asymmetry between
the attrition and non-attrition groups. In this sense, previous studies have shown good
accuracy in predicting attrition with decision trees (Cuji et al, 2017; Kuna et al., 2010; Méndez,



Using 100%  Using 50% of the ~ Using 25% of the Using the first
of the variables with variables with variable in the
Classifier variables greater entropy greater entropy entropy ranking
Complex tree Accuracy 84.8% 83.0% 84.2% 81.0%
ROC area 0.75 0.81 0.81 0.74
F-measure 0.52 0.53 0.55 0.50
Medium tree Accuracy 84.8% 82.7% 84.8% 81.1%
ROC area 0.74 0.81 0.81 0.74
F-measure 0.50 0.52 0.58 0.5
Simple tree Accuracy 83.8% 85.1% 85.1% 83.6%
ROC area 081 0.82 082 0.82
F-measure 0.55 0.62 0.62 0.63
Linear Accuracy 85.3% 86.0% 84.5% 83.0%
discriminant ROC area 0.85 0.85 0.85 0.85
F-measure 0.64 0.64 0.61 044
Quadratic Accuracy 84.3% 85.4% 84.8% 83.0%
discriminant ROC area 0.82 0.83 0.85 0.84
F-measure 0.61 0.64 0.62 044
Logistic Accuracy 82.4% 84.5% 85.1% 82.7%
regression ROC area 0.85 0.87 0.86 0.85
F-measure 0.59 0.55 0.54 0.38
Linear SVM Accuracy 84.3% 854% 83.9% 82.1%
ROC area 0.84 0.86 0.86 0.85
F-measure 0.52 0.55 0.50 0.35
Quadratic Accuracy 80.4% 84.8% 83.0% 83.0%
SVM ROC area 0.82 0.81 0.82 0.81
F-measure 0.59 0.56 0.51 047
Cubic SVM Accuracy 84.3% 85.7% 82.1% 30.7%
ROC area 0.85 0.8 0.72 0.33
F-measure 0.63 0.61 0.49 0.19
Fine Gaussian  Accuracy 82.4% 80.1% 81.3% 82.1%
SVM ROC area 0.74 0.81 0.79 0.78
F-measure 0.00 0.08 0.29 0.54
Medium Accuracy 82.4% 85.7% 84.8% 81.0%
Gaussian SVM  ROC area 0.88 0.88 0.85 0.79
F-measure 048 0.54 0.56 0.44
Coarse Accuracy 82.4% 82.1% 82.1% 82.1%
Gaussian SVM  ROC area 0.85 0.86 0.86 0.84
F-measure 0.11 0.29 0.35 0.35
Fine KNN Accuracy 83.8% 81.0% 80.7% 75.9%
ROC area 0.68 0.69 0.68 0.67
F-measure 0.50 0.50 048 0.46
Medium KNN  Accuracy 82.8% 83.6% 84.2% 80.7%
ROC area 0.87 0.85 0.87 0.81
F-measure 041 041 0.52 0.44
Coarse KNN Accuracy 82.4% 80.7% 80.7% 80.7%
ROC area 0.83 0.84 0.85 0.82
F-measure 0.00 0.00 0.00 0.00
Cosine KNN Accuracy 85.3% 83.9% 83.6% 77.7%
ROC area 0.86 0.85 0.85 0.78
F-measure 0.53 048 0.54 0.59
Cubic KNN Accuracy 82.8% 83.9% 83.6% 80.7%
ROC area 0.86 0.85 0.86 0.81
F-measure 0.40 043 0.52 044

(continued)
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Using 100%  Using 50% of the ~ Using 25% of the Using the first

of the variables with variables with variable in the
Classifier variables greater entropy greater entropy entropy ranking
Weighted KNN  Accuracy 84.8% 82.7% 83.3% 789%
ROC area 0.87 0.86 0.84 0.72
F-measure 0.51 047 0.54 0.39
Boosted trees Accuracy 83.3% 84.2% 83.0 % 80.1%
ROC area 0.85 0.83 0.81 0.78
F-measure 0.58 0.56 0.54 048
Bagged trees Accuracy 85.8% 84.8% 83.3% 78.3%
ROC area 0.87 0.85 0.81 0.77
F-measure 0.59 0.56 0.54 041
Subspace Accuracy 85.8% 83.9% 83.0% 83.0%
discriminant ROC area 0.85 0.86 0.85 0.85
F-measure 0.51 0.46 044 0.44
Subspace KNN  Accuracy 86.3% 83.0% 80.7% 75.3%
ROC area 0.85 0.82 0.77 0.65
F-measure 043 0.44 049 043
RUSboosted Accuracy 83.3% 82.4% 83.9% 81.5%
trees ROC area 087 0.85 0.81 0.79
F-measure 0.66 0.64 0.64 0.59

Note(s): Percentage accuracy values, ROC area and F-measure of the classifier used; SVM = support vector

Table 3. machine; KNN = &-nearest neighbors; The best classifiers has been highlighted in italic
Classifier TN FP FN TP Sen Spec PPV NPV
Complex tree 239 32 31 34 52% 88% 52% 89%
Medium tree 238 33 32 33 51% 88% 50% 88%
Simple tree 248 23 32 33 51% 92% 59% 89%
Linear discriminant 247 24 23 42 65% 91% 64% 91%
Quadratic discriminant 240 31 23 42 65% 89% 58% 91%
Logistic regression 258 13 32 33 51% 95% 72% 89%
Linear SVM 256 15 37 28 43% 94% 65% 87%
Quadratic SVM 253 18 30 35 54% 93% 66% 89%
Cubic SVM 252 19 26 39 60% 93% 67% 91%
Fine Gaussian SVM 271 0 65 0 0% 100% Indefinite 81%
Medium Gaussian SVM 263 8 42 23 35% 97% 74% 86%
Coarse Gaussian SVM 268 3 61 4 6% 99% 57% 81%
Fine KNN 252 19 37 28 43% 93% 60% 87%
Medium KNN 267 4 47 18 28% 99% 82% 85%
Coarse KNN 271 0 65 0 0% 100% Indefinite 81%
Cosine KNN 263 8 39 26 40% 97% 76% 87%
Cubic KNN 267 4 48 17 26% 99% 81% 85%
Weighted KNN 265 6 41 24 37% 98% 80% 87%
Boosted trees 245 26 28 37 57% 90% 59% 90%
Bagged trees 258 13 32 33 51% 95% 72% 89%
Subspace discriminant 262 9 40 25 38% 97% 74% 87%
Subspace KNN 262 9 45 20 31% 97% 69% 85%
Table 4. RUSboosted trees 232 39 14 51 78% 86% 57% 94%

Confusion matrix and
predictive value by
classifier

Note(s): Sen = sensitivity; Spec = specificity; TN = true negative; FP = false positive; FN = false negative;
TP = true positive; PPV = positive predictive value; NPV = negative predictive value; The best classifiers has
been highlighted in italic




2016; Miranda and Guzman, 2017; Moseley and Mead, 2008), logistic regression (Aulck et al,
2016; Hernandez et al, 2016) or neural networks (Hernandez et al., 2016; Miranda and Guzman,
2017). However, these classifiers first need to use a class balance algorithm (Méndez, 2016).
Because of the nature of decision trees, these models are useful in classification problems
(Miranda and Guzman, 2017); adding the “RUSboost” algorithm alleviates the issue of class
imbalance (Kesikoglu ef al., 2016; Seiffert et al., 2010). Considering that the proportion of
attrition student is considerably smaller, the use of “RUShoosted trees” seems interesting.

We found statistically significant differences according to the number of variables
included in the training of the classifiers (p < 0.001). The accuracy of the classifiers increased
according to the number of characteristics or variables studied. This supports the idea that
the attrition issue is multivariate (Cuji ef @/, 2017; Patino and Cardona, 2012) and could not be
explained by studying its components separately. The average accumulated grades is one
factor that best explains attrition (Cuji e al,, 2017; Méndez, 2016). Our results indicate that this
variable by itself would generate a classifier with 83.6% accuracy using “Simple tree”. In
addition, two of the 23 classifiers studied demonstrated greater accuracy when only this
variable was used. Despite this, our results indicate a significantly lower accuracy (p < 0.001)
and lower ROC area (p = 0.020) of the classifiers using only this variable.

Grade-point average has been related to academic success (Bowers, 2010; Young et al.,
2011). Furthermore, there are significant differences in this variable between the attrition and
non-attrition group. However, we found discrepancies in the literature regarding whether this
variable alone might not be enough to differentiate attrition from non-attrition (Vasquez and
Miranda, 2019). This could be explained because attrition is a complex phenomenon,
involving family aspects, vocational problems, financial and academic issues, as well as other
factors such as the policies and practices of the higher education institutions themselves
(Reay, 2004; Tarabini and Ingram, 2015; Thomas, 2002). Our results would reinforce the idea
that, although grade-point average is useful and contributes to the model, the prediction of
attrition is even better when combined with other sociodemographic or academic variables.

The best accuracy level was obtained by the classifier “Subspace KNN”; however, it
presented lower sensitivity. “Fine Gaussian SVM” and “Coarse KNN” achieved maximum
specificity. Without limiting the foregoing, the interest of the classification problem presented
should be, based on the data obtained, to focus on the detection of the attrition and therefore
on the sensitivity (Bravo and Cruz, 2015). Our results indicate that “RUSboosted trees”
obtained the greatest sensitivity (80.56%) of the classifiers studied; therefore, it is the best
suited to detecting SA.

The strengths of this study include the analysis being applied in a context of upper-year
students. Most research into university attrition concentrates on the first year of entry
(Canales and De los Rios, 2007; Himmel, 2002), this being a key level for attrition (Silva, 2011).
However, there is an even larger proportion of attrition students in upper-year courses, and
that phenomenon has scarcely been studied (Gonzélez and Uribe, 2018). With respect to the
limitations of the study, an imbalanced database was used. This imbalance is explained
because the proportion of attrition students is much smaller. Nevertheless, a classifier highly
sensitive to attrition was identified. The selected characteristics or variables are not sufficient
to explain the problem in its entirety. Furthermore, and due to the sample size, our results are
difficult to generalize.

With respect to the practical connotations of this study, first, the predictive model
identified could be used in databases of other universities, if the respective local reality and
the registration of similar variables are previously considered. In this sense, we emphasize
that a method to identify SA risk was established using databases with a significant class
imbalance, in this case, with a considerably smaller proportion of attrition students. Secondly,
at the local level, the implementation of this proposal will make available a listing that will
contain the dichotomous classification of the attrition risk for each student, which would
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facilitate early detection and intervention using the university’s devices. This would
contribute to make methodological adjustments on the part of the academics. As future
projections, on the one hand, it is expected that the training of the classifier can be replicated
with new cohorts of students, using databases from other programs, international free-access
databases and databases from partner universities, thus standardizing the use of this tool
and seeing whether the accuracy of the classifiers studied can be improved. On the other
hand, as we have pointed out previously, this system was implemented in a university’s
physiotherapy program to study if it is a useful measurement in decreasing attrition levels
locally.

In conclusion, the use of a classifier based on supervised machine learning “RUSboosted
trees” made it possible to identify upper-year attrition students from a physiotherapy
program, using student characterization records and the university’s own databases. In
addition, it proved useful when the proportion of attrition students was considerably smaller,
and its implementation in similar contexts could be considered.
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