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ABSTRACT 

The definition of student dropout is still under discussion. However, according to researchers, it could be understood as a 

state of abandonment that can be explained by categories related to different variables: socioeconomic, individual, 

institutional and academic. The purpose of this article was aimed at proposing a Machine Learning-based model using 

classification algorithms, in order to establish the capacity to predict the conditions that lead an industrial Engineering 

student to interrupt or continue his studies. Classification models are built through methodologies such as KNN, SVC, 

Perceptron and decision trees. The result showed that the seven variables that have the most influence in academic 

dropout of students in universities are: cohort, approved courses, flunked courses, gender, ICFES score (Colombian state 

exam) for math aptitude, ICFES score for math condition. 
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1. INTRODUCTION 

Nowadays, significant changes are taking place in different fields. The educational field is being marked by the 

implementation of systems used for academic tests, information gathering and data analysis. This is driven by the 

fact that the institutions have large databases and storage methods, yet these are rarely used. Thus, teachers are 

forced to adopt new tools and strategies that allow them to identify at-risk students and design new ways to support 

their learning process (Tempelaar, 2015). This scenario is fairly similar in the technological sector, where large 

amounts of data from all over the world can be visualized. These data which comes from human – machine 

interaction are stored in computers and servers from large companies that can suggest specific actions such as 

recommending articles for consumption. The information analysis is not only useful for students and teachers but it 

may also facilitate decision-making within the administrative areas of institutions and governments leading the 

educational sector (García-Tinisaray, Manuel, & Pichardo, 2019). In higher education, the efficiency of the 

educational process can be measured through specific metrics such as dropout rate, graduation rate and retention 

rate. This work involves different variables that determine whether a student concludes his undergraduate studies, 

or whether he is forced to abandon the program due to different reasons (Zambrano, Albarran, & Salcedo, 2018). 

One of the most important factors in the efficiency of the educational process is the retention parameter, defined as 

the difference between the number of students that enroll in first semester and those who graduate each year 
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(Salcedo, 2010). Furthermore, academic performance is the main indicator of the success or failure of students. The factors 

that have an impact on the possibility of dropout (interruption of studies) of a given higher education program are 

multivariate (Estrada & Quintero, 2015). These multidimensional aspect causes that the reason for a student to dropout 

depends on many other factors such as the goals set by teachers, students and institutions (Khan & Choi, 2014), among 

others. 

Hence, data analytics is an emerging field in Colombian education. The use and interpretation of the data 

generated by students in their academic journey has not been developed enough to determine the influence over the 

academic performance, dropout and graduation (García-González, Sánchez-Sánchez, Orozco, & Obredor, 2019). In fact, 

Colombia has evidenced significant growth in dropout rates in higher education programs (Guzmán & Durán, 2009). This 

problem has prompted the study of the matter in different universities which have captured the academic information 

contained in the SPADIES open data system to establish the reasons behind student dropout. Given this perspective, the 

prediction of academic dropout becomes a challenging task. The purpose of this article was aimed at proposing a Machine 

Learning-based model using classification algorithms, in order to establish the capacity to predict the conditions that lead 

an industrial Engineering student to interrupt or continue his studies. 

1.1 Context 

The definition of student dropout is still under discussion. However, according to researchers, it could be understood as a 

state of abandonment that can be explained by categories related to different variables: socioeconomic, individual, 

institutional and academic (Tinto, 1990) states that the study of dropout in higher education is extremely complex, since it 

implies not only a variety of perspectives, but also different types of abandonment. Additionally, (Giovagnoli & Porto, 

2002) state that student dropout can be seen as either voluntary or forced, and takes place when a number of enrolled 

students does not follow the conventional path set by the academic program. This could be caused by dropping out, taking 

more time than expected to finish the program or leaving the higher education system. The phenomenon of academic 

dropout is a notorious problem for governments and higher education institutions nowadays since it has effects on labor-

related, social, economic and emotional aspects as well as repercussions in students, their families and the institutions. The 

Ministry of Education has implemented different measures to tackle this phenomenon such as the generation of the 

SPADIES (System for the Prevention of Dropout in Higher Education) system that allows each institution to identify and 

classify its students in terms of dropout risk with certain specific variables. The Engineering Faculty from Universidad 

Distrital has not been exempt from this situation. With approximately 500 students, statistics have shown that 48,7% of 

students that enrolled in some program between the academic periods 2009-1 and 2017-3 did not graduate, dropped out of 

the program or lost their student status (García, 2018). 

1.2. Disciplines and Variables 

Proposing a model for the solution of the student dropout problem requires an integral view up to a certain point. The data 

must come different sources and actors of the educational process. Said data is analyzed to deliver relevant and useful 

information and facilitate decision-making processes. Therefore, there is a need to include different disciplines such as 

Computer Engineering, Mathematics, Machine Learning, Databases and Education (Castrillón, Sarache, & Ruiz, 2020) 

(figure 1).  
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Figure 1: Interdisciplinarity for the Solution of the Problem. Source: Author. 

The model intends to predict the status of a student after he has completed 10 academic semesters, he could be an 

alumnus, retired from the program, abandoned, among others. It also involves different interrelated variables that predict 

the chances of a student dropping out of the Industrial Engineering program. According to Dussan & Montoya (2016), 

(Estrada & Quintero, 2015), (Tomás, Expósito, & Sempere, 2014), the factors that could have an influence over his choice 

are shown in table 1. 

Table 1: Variables that Affect Academic Dropout. Source: Author 

Before starting at 

the university 

Academic factors 

Global ICFES score, ICFES Score in Math, ICFES Score in 

Physics, ICFES Score in Chemistry, ICFES Score in Spanish, 

ICFES Score in Social Sciences, ICFES Score in Philosophy, 

ICFES Score in Natural Sciences, ICFES Score in English. 

Demographic factors 

Age, gender, civil status, type of school (private / public) 

attended during High School, time elapsed before enrolling into 

university 

Socioeconomic factors 
Type of application, place of birth, socioeconomic strata, 

family income, economic dependence, currently employed 

After enrolling at 

the university  

Personal factors 

Whether the student has had health issues, problems adapting 
to the city, change of civil status, calamity at home, conflicts 

with teachers or other students, how often does he drink 

alcohol 

Subjects 

GPA, number of credits earned, number of credits lost, cohort, 

average grade in the subjects, number of tests, flunked courses, 

approved courses. 

Institutional factors 

Schedule-related issues and cancellation of courses due to 

reasons outside of his control, academic interruptions, whether 

university met his expectations. 

1.3 Automatic Learning 

The term Big Data has gained popularity partly due to statistical methods that were initially used for analyze data and. The 

progress attained in Computer Sciences and the rise of Artificial Intelligence (AI) have led to the development of three 

fields: Robotics (human motion), Natural Language Processing (text and speech) and Machine Learning (data) (Cioffi, 

Travaglioni, Piscitelli, Petrillo, & De Felice, 2020). Nowadays, Machine Learning (figure 2) has impacted the educational 

field and can be defined as the science that uses algorithms to make interesting statements based on datasets, without the 

need to write a code in order to solve a problem (Contreras & Rodriguez, 2018). The most commonly used methods for 

classification are supervised learning and unsupervised learning. 
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Figure 2: Data Analysis Overview. Source: Author. 

2. METHODOLOGY 

Proposing a methodology to solve the problem can be as complex as the fact of determining which variables could affect 

the student’s resolve. The methodology used is briefly summarized in eight steps: (1) Definition of the population of the 

study, (2) Variable identification, (3) Loading and cleaning the data, (4) Descriptive statistics, (5) Data transformation, (6) 

Identification of the main attributes that affect academic interruption, (7) Prediction of academic dropout, (8) Algorithm 

performance metrics. 

Step 1: Definition of the population of the study. Industrial Engineering is one of the programs with the highest 

number of students enrolled. The analysis involves a total of 3300 records from students over the 2003-2019 period that 

helped predict the reasons that lead a student to drop out from a program. 

Step 2: Variable identification. 30 independent variables were considered in this study that correspond to 

academic, demographic, course-related and socioeconomic factors as shown in Table 1. For the prediction of the response 

variable, students could be classified into six causes of academic dropout. Alumni (student who successfully completes the 

program), excluded (student that is no longer an active student given that university regulations are not met), failed to pass 

academic probation (the student loses a subject more than 3 times), abandonment (student that does not enroll in two 

consecutive semesters), dropped out (student who chooses to stop studying), canceled (student who canceled the current 

semester and never continued his studies) and unofficial enrollment. 

Step 3: Loading and cleaning the data. Initially, there were many CSV files with information related to the 

variables of analysis. They had to be combined to create a data system for each record (student). Therefore, various CSV 

files were imported using Microsoft Access (database management system) and converted into Access spreadsheets in 

order to build the input data of the models (Valencia Cárdenas, Correa Morales, & Díaz-Serna, 2015). Afterwards, the data 

had to be cleaned which led to 3020 records. 

Step 4: Descriptive statistics. The initial step of a project involving Machine Learning algorithms is to understand 

the database through individual charts of the variables and other charts that plot the relationship between independent 

variables and between said variables and the output variable (Fernandes et al., 2019). Diverse statistics were obtained from 

the variables mentioned in step 2. This enables to determine how many students drop out of the university in terms of 

gender, academic period, social strata, etc. It also allows to establish the most frequent reasons of academic dropout. A plot 

in figure 3 shows the reasons behind academic dropout (target variable) of students over the analyzed period. 
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Step 5: Transformation of data. Many machine learning algorithms have a better performance when they have a 

relatively similar scale and/or have a normal distribution (Jahangiri & Rakha, 2015). Hence, the process known as Data 

transformation is carried out in Machine Learning. Normalization is one type of transformation which is a useful technique 

to transform attributes from a non-Gaussian distribution with different means and standard deviations. It operates on rows 

and not over columns as other transformation methods (re-scale and standardize). The normalization of all features makes 

that all values remain between -1 and 1 (unitary norm or vector with length of 1 in Linear Algebra) (Li & de Rijke, 2019). 

 
Figure 3: Frequency of Reasons Behind Academic Dropout VS Academic Period.  

Source: Calculations made by author. 

Step 6: Identification of the main attributes that influence academic dropout. It is necessary to establish whether 

all variables [25] must be entered into the models or some should be considered to be more influential in the target variable 

since there are some independent variables (predictors) that may be correlated and affect the reliability of the model. The 

feature selection methods can help to identify and eliminate unnecessary attributes that do not contribute to the accuracy of 

a predictive model or even diminish it (Zaffar, Hashmani, Savita, Sajjad, & Rizvi, 2018). 

Step 7: Prediction of the academic interruption. Different algorithms were used in the classification task. Some of 

them are briefly described: I) Support vector machines (SVM) are an effective method of automatic learning that achieves 

a high accuracy in prediction by understanding the optimal hyperplane of the training set, thus simplifying the issues in 

classification and regression (Liu, Wang, Wang, Lv, & Konan, 2017); ii) The decision tree is considered one of the most 

popular approaches to represent classificators in automatic learning. An inverted tree is created by splitting the data into 

two sets, keeping in mind the value of the most significant differentiator among all input variables. From each node, 

additional nodes are created that are ramified into other possibilities with metaheuristics (Radhwan A., Abbas A, & Ali S. 

A., 2017); iii) The perceptron is an artificial neural network (ANN) formed by multiple layers where the first one is the 

neuron layer that reads the input values, adds all the input variables according to their weights and the partial result is 

introduced into an activation function that generates the end result. This algorithm is considered to be a robust technique in 

terms of data manipulation, adaptability and generalization Sánchez & García, 2017); iv) K-nearest neighbors (KNN) is an 

algorithm based on instances (algorithm that does not explicitly learn a model) meaning that it can classify values by 

seeking the most similar points of data, learned during the training phase with some type of distance such as the Euclidean, 

Manhattan or Minkowski (Zhu, Hodgkinson, & Wang, 2018). 

Step 8: Algorithm assessment metrics. In order to determine how well the classification algorithms made 

predictions, different metrics are proposed. These metrics include: (1) Accuracy defined as the number of correct 



16080                                                                                                  Leonardo E. Contreras, Héctor J. Fuentes  & Y. José I. Rodríguez  

 

Impact Factor (JCC): 8.8746                                             SCOPUS Indexed Journal                                                   NAAS Rating: 3.11 

predictions over the total of number of predictions. (2) Precision defined as the ratio of positive instances predicted over 

the total number of positive cases predicted. (3) Sensibility (recall) defined as the ratio of correctly predicted instances over 

the total number of positive cases. (4) Specificity defined as the number of correct negative predictions over the total 

number of negative cases and, lastly, (5) the F1-score defined as the average of precision and sensitivity. 

3. RESULTS 

The methodology described hereby led to a set of normalized data in Step 5. Data transformation is carried out since it is 

possible for an independent variable to have more influence over the independent variable given that its numeric scale is 

higher than in other variables. It was then necessary to normalize the dataset seeking to reduce the effects of the influences 

(figure 4) and improve the results of the algorithms. 

Step 6: Identification of the main attributes that have an influence in academic interruption. In this part of the 

study, different methods of attribute selection were implemented in order to find the relevant characteristics for the models. 

These methods were Anova, square Chi, Random Forest, recursive feature elimination, backwards elimination, recursive 

feature elimination with cross validation and Extra Trees (figure 5). Based on the mentioned methods, it was determined 

that the most relevant features regarding the response variable were: semester, cohort, GPA, number of tests, approved 

courses, flunked courses, ICFES score, gender, ICFES score in Math condition, ICFES score for Math aptitude, ICFES 

score in Physics,. The results indicate that the dependent variable is not the result of a single independent variable and that 

the analyzed features are not correlated. 

 

Figure 4: Variable Normalization. Source. Calculations made by authors. 

 



Academic Interruption Model using Automatic Learning Algorithms                                                                                                16081 

 

www.tjprc.org                                                            SCOPUS Indexed Journal                                                                 editor@tjprc.org 

 
Figure 5: Selection of Variables with the Extra Trees Method.  

Source: Calculations made by author. 

Step 7: Prediction of academic dropout. Using the selected variables, it was proceeded to separate the data into 

training data (used to train the algorithms when the response output variable is known) and testing data (number of new 

data that the algorithm does not know). These data are used to gauge the performance of the algorithm. The training data 

consists of 906 records and the testing data consists of 2114 records. 

Machine Learning algorithms contain parameters that need to be identified and modified in order to obtain better 

results of the output variable (independent variable). Said parameters are called hyperparameters. The SVM algorithm 

seeks to generate the best hyperplane (plane in the multidimensional space) that can separate the classes present within a 

dataset. The hyperparameter Max_Iter is used to iterate until the model reaches the best precision through the algorithm. 

Figure 6a shows the variation of the model accuracy in face of the variation of the hyperparameter both for the testing data 

and the training data. The perceptron algorithm is the simplest neural network often preferred in linearly separable data. As 

seen in other methods, it seeks a separation hyperplane. Figure 6b shows the results for the implemented perceptron 

algorithm with training and testing data. Another algorithm assessed is the KNN technique which is one of the classical 

Machine Learning strategies that in this case uses the Euclidean distance. The hyperparameter to assess is n_neighbors 

(number of nearest neighbors) with a convenient value of 7 or 9 neighbors (figure 6c). Finally, the possibility of building a 

decision tree was also considered, with the hyperparameter Max_Depth as shown in figure 6d. 
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Figure 6: (a) Search of Optimal Max_Iter for SVM  

(b.) Search of Optimal Max_iter for the Perceptron Classificator 

(c.) Variation of Hyperparameter n_Neighbors in KNN 

(d.) Search of Max_Iter for Decision Tree. 

Source: Calculations made by author. 

Step 8: Algorithm assessment metrics: It is noteworthy to mention how the algorithms vary in a positive manner 

until the optimal value is attained for each hyperparameter corresponding to each algorithm. In this case, the variation is 

shown in Table 2 for the assessment of the accuracy metric. The best hyperparameters for SVM, perceptron, KNN and 

decision trees are 6, 4, 7 and 7 respectively. 

Table 2: Variation of Hyperparameters VS Model Accuracy for Academic Dropout. 

Source: Calculations made by authors. 

Hyperparameter SVM Perceptron KNN Decision Tree 

0 0.805109 0.822668 0.843425 0.847209 

2 

3 

4 

5 

6 

 

0.832072 0.822668 0.843425 0.848628 

4 0.840587 0.832668 0.843425 0.855723 

6 0.843425 0.822668 0.843425 0.855724 

7 0.842006 0.812668 0.843425 0.858089 

In terms of the other previously defined metrics, Python has a library called Scikit Learn that includes many 

functions for the performance analysis in each model. These are accuracy, precision, sensitivity and F1-score. The models 

show a convenient performance for each metric. In table 3, the accuracy values can be defined as the number of accurate 
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predictions made by the model over the total number of records. If the value is close or equal to 1, it means that all 

predictions are accurate. 

Table 3: Assessment Metrics for the Machine Learning Models. 

Source. Calculations made by authors. 

Algorithms 

Accuracy without 

Feature Selection 

Methods 

Accuracy with Feature 

Selection Methods 
Precision Recall F1 

SVC 0.76 0.843425 0.78 0.84 0.80 

KNN 0.78 0.843425 0.8 0.84 0.82 

Perceptron 0.73 0.832668 0.78 0.74 0.75 

Decision tree 0.75 0.858089 0.8 0.84 0.82 

4. DISCUSSIONS 

The feature selection method allowed to identify the most influential attributes in academic interruption. The work shows 

that an adequate journey of the student throughout his academic life stems from the variables related with subjects 

(semester, cohort, GPA, number of tests, approved courses, flunked courses), academic variables (ICFES score, ICFES 

score in math aptitude, ICFES score in math condition, ICFES score in Physics) and demographic variables (gender). The 

reference research led to conclude that not only the variables and factors included in Table 1 can be considered. Personal, 

economic, institutional, emotional, social, demographic and family-related factors can also be reviewed. 

In order to increase the metrics of models such as the decision trees and KNN, it is useful to not only identify 

other variables that contribute to the output variable (academic dropout) but also to identify the most suitable 

hyperparameters for each algorithm. It is noteworthy to mention that among the group of factors stated in literature there 

are some hard to control such as the emotional factors. The results evidence that the best accuracy is achieved with the 

model derived from the decision tree algorithm with 85.8% followed by the SVM and KNN algorithms with 84.34% 

accuracy. Furthermore, the assessment metrics of the algorithms are improved when using feature selection methods since 

only the most significant attributes are considered. These results also show that it is possible to generate models through 

supervised algorithms focused on classification.  

The construction of a model that encompasses most of the independent variables, listed in the previous sections, 

requires considerable time. Colombian universities are often reluctant to deliver data on their students. However, these 

types of analyses do not actually need personal information which is considered to be private. The fact that many 

researchers cannot access this information has led most of them to perform studies based merely on descriptive statistics 

over short periods of time while they aim to determine the causes of dropout and low performance of students. Machine 

learning and data mining are seldom used in this scenario to generate prediction models that can improve the academic 

conditions of educators. 

5. CONCLUSIONS 

 According to the work presented and the results obtained, the main conclusions can be stated. The seven variables 

that have the most influence in academic dropout of students in universities are: cohort, approved courses, flunked 

courses, gender, ICFES score for math aptitude, ICFES score for math condition. 

 Proposing a model that can predict the reasons behind academic dropout in Industrial Engineering is the first step. 

This is relevant on a social and economic scale not only for students but also for the universities given that they 
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can make assertive decisions based on data. It also offers benefits for students at risk that need help from the 

university and move on with their academic life. 
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