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Abstract 
 

The student's dropout at the universities is a topic that has generated controversy in Higher Education Institutions. It has negative effects 

which cause problems in the social, academic and economic context of the students. One of the alternatives used to predict the dropout at 

the universities is the implementation of machine learning techniques such as decision trees, known as prediction models that use logical 

construction diagrams to characterize the behavior of students and identify early students that at in risk of leaving university. Based on a 

survey of 3162 students, it was possible to obtain 10 variables that have influence into the dropout, that’s why, a CHAID decision tree 

model is proposed that presents the 97.95% of the accuracy in the prediction of the university students’ dropout. The proposed prediction 

model allows the administrators of the universities developing strategies for effective intervention in order to establish actions that allow 

students finishing their university careers successful.  
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1. Introduction 

The completion of the university has not always been the norm for 

the society, in the 1940s, less than half of the US population be-

tween the ages of 25 and 29 would have finished the university Ye 

& Bisway [1]. Although there has existed a concerted effort to 

close the gap related with the dropout at the universities and de-

crease its rates, researches that started in 1978 shows that still 

exists dropout at the universities Abuda & Oda [2] which has 

caused effects on the economic ambit for Higher Education insti-

tutions and governments. 

The dropout causes difficulties at the university context [3] and it 

is considered as an evaluation criterion and an argument of great 

relevance to incorporate the public policies related with the educa-

tion at the universities [4]. Although effective systematic changes 

have been made to solve this problem, students continue to face an 

educational crisis with the greatest propensity to leave their stud-

ies [5]. In addition, dropout generates social consequences in 

terms of the students' expectations and their families; as well as 

emotional consequences for the dissonance between the aspira-

tions of young people and their achievements. The important eco-

nomic consequences for both people and the system as a whole are 

also considered within this context [6]. 

The prediction of the university dropout becomes important from 

some decades ago, where it is started analyzing the factors that 

influence dropout, combined with the way to predict the risk of 

dropping out [7]. On the other hand, the prediction of the dropout 

in the Institutions of Higher Education has been questioned, due to 

the high rates of dropping out that the institutions still have [8]. 

In the literature review were found researches such as those of 

Marquez [9], Herzog [10], Kotsiantis, et.al. [11] the authors estab-

lish the models of prediction about dropout through experimental  

processes that consider methods of machine learning supervised to 

discover knowledge. 

So, if the above problems are maintained, the high error rates in 

the accuracy of the prediction will continue. For this reason, it is 

important to establish a model that allows integrating data, varia-

bles and appropriate techniques to accurately predict students at 

risk of dropping out. In addition, it will allow Higher Education 

Institutions to have an effective tool to make decisions rightly in 

relation to the dropout of the universities' students. 

The research work is divided into five parts. The literature review 

is in the second one, the method is developed in the third, the re-

sults of the experimental process is considered in the fourth and in 

the last part are presented the conclusions.  

2. Literature Review 

The university student desertion is a problem that has been widely 

studied in the literature. It is possible to demonstrate the efforts 

made by the researchers around the topic of their prediction to try 

to mitigate the dropout rates and establish strategies that allow the 

incorporation of strategies for timely decision making. Several 

works have been identified around the topic under study and are 

presented in Table 1. 
 

Table 1: Works related to the application of decision trees to predict drop-

outs in universities 

Technique Resource  

Decision tree classifier 

[12],[13],[14],[15], [16], [17],[18], 

[19], [20],[21], [22], [23], 

[24], [25], [26], [27], 
[28] 

http://creativecommons.org/licenses/by/3.0/
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3. Materials and Method  

3.1. Data set 

For the development of the research, a survey is applied to 3162 

students enrolled in the face-to-face undergraduate studies of the 

Engineering Careers of a Public University of Ecuador. The analy-

sis period includes the study cohorts from 2012 to 2017. Through 

the application of Google Form, the information regarding student 

behaviour was obtained, specifically information regarding stu-

dents' behaviour habits. , which can generate dependence and 

negatively influence the decision to leave the university class-

rooms. 

3.2 Analysis of data 

The methodology applied for the application of decision tree mod-

els is based on the following stages: 

 

Stage-1 Integration and cleaning of the data, carried out to obtain 

quality data that allow an adequate prediction process. 

 

Stage-2 Pre-processing of the data, used to determine the normali-

ty and consistency of the data. 

 

Stage-3 Extraction of variables, used to determine the variables 

greater incidence in the prediction model. 

 

Stage-4 Prediction: decision trees are applied to predict the deser-

tion of university students according to the characteristics of the 

variables of entry into the model. 

 

Stage-4 Evaluation: through evaluation metrics, the reliability 

level of the proposed model is determined in terms of confidence 

and reliability of the prediction model. 

4. Result and Discussion  

Decision trees are techniques that allow decision making based on 

the use of associated probabilities. They facilitate the level of 

comprehension regarding the behaviour of the variables that influ-

ence the desertion of students in universities. 

The dependent variables and the independent variables used as 

predictor variables are presented in Table 2.  

 
Table 2: Description of the predictor variables 

Independent Variable Description 

Red_S Social networks addiction 

Age Age 

Alc Alcohol addiction 

Adic_ apegem Addiction to emotional attachment 

Adic_drug Addiction to drug 

Adic_Tel Mobile phone addiction 

Jueg Games addiction 

Videos Video games addiction 

Adic_com Shopping addiction 

 

Dependent Variable 

 

DES Dropout 

Table 3 presents the level of importance of the independent varia-

bles for the prediction model.  
 

 

 

 

 

 

 

 

 

Table 3: Importance of independent variables 

Independent Variable Importance 
Standard  

Importance 

Red_S 0.006 1.000 

Age 0.003 0.444 

Alc 0.002 0.403 

Adic_ apegem 0.001 0.096 

Adic_drug 0.001 0.083 

Adic_Tel 0.000 0.063 

Jueg 0.000 0.006 

Videos 0.001 0.096 

Adic_com 0.000 0.002 

The weights of these variables were determined using the SPSS 

software. Validation by sampling division corresponds to 80% of 

the data (2530 cases) for the training sample and 20% (632 cases) 

for the test sample. Cross-validation 10 times is used to evaluate 

the results of the statistical analysis and the validation of the pro-

posed model. 

The criteria established for the CHAID decision tree correspond to 

a maximum number of levels 3. The level of significance for the 

division nodes is equal to 0.05 as is the merging of categories. 

For the modelling of the decision tree, binary variables were con-

sidered, that is: 

 

                   0 = students will drop out of college 

1 = students will not drop out of college. 

 

For estimating the model, a maximum number of estimates of 100 

was considered. And a minimum change value in the expected 

frequencies of 0.001. The Chi-square statistic used was Person and 

he made the determination of the values of significance through 

the Bonferroni method. The summary of the proposed model is 

presented in Table 4. 

 
Table 4: Summary of the model 

Specifications 

Growth method CHAID 

Dependent variable DES 

Independents Variables 

Age, Alc, Jueg, Video, 

Internet, Red_S, Ad-

ic_drug, Adic_Ejer, Ad-
ic_Com, Adic_apegem, 

Adic_Tel  

Validation Split sample 

Maximum tree depth 3 

Minimum of cases in a 
subsidiary node 

100 

Minimum of cases in a 

parent node 
50 

Results 

Independent variables 

included 

Red_S, Adic_Tel, Age, 
Adic_apegem, Adic_Com, 

Alc  

Number of nodes 15 

Number of terminal 
nodes 

8 

Depth 3 

Fig.1 presents the structure of the decision tree and the assignment 

of the probabilities of the factors used as input variables to the 

model. 
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Fig. 1: Decision tree using the CHAID method 

 

A sample of the rules determined to predict desertion through the 

CHAID method is presented below: 

 
/* Node 7 */. 
DO IF (SYSMIS (Red_S) OR VALUE (Red_S) NE 0) AND (VALUE 

(Adic_Tel) EQ 0) AND (SYSMIS (age) OR VALUE (age) NE 1). 

COMPUTE nod_001 = 7. 
COMPUTE pre_001 = 0. 

COMPUTE prb_001 = 0.709784. 

END IF. 
EXECUTE. 

 

/* Node 8 */. 
DO IF (SYSMIS (Red_S) OR VALUE (Red_S) NE 0) AND (VALUE 

(Adic_Tel) EQ 0) AND (VALUE (age) EQ 1). 

COMPUTE nod_001 = 8. 
COMPUTE pre_001 = 1. 

COMPUTE prb_001 = 0.615385. 

END IF. 
EXECUTE. 

 

/* Node 9 */. 
DO IF (SYSMIS (Adic_drug) OR VALUE (Adic_drug) NE 0) AND 

(SYSMIS (Adic_Tel) OR VALUE (Adic_Tel) NE 0) AND (VALUE 
(Adic_apegem) EQ 0). 

COMPUTE nod_001 = 9. 

COMPUTE pre_001 = 0. 
COMPUTE prb_001 = 0.637681. 

END IF. 

EXECUTE. 

 

The results of the experiments performed show a prediction accu-

racy rate corresponding to 97.75% for the sample used for training 

and 98.71% for the testing sample. Which means that this model 

that the proposed model is adequate in relevance and determines 

the quality and effectiveness of the proposed model. 

 
Table 5: Overall percentage of prediction 

Sample Observed 
Predicted 

0 1 

Training 

0 1664 20 

1 824 32 

Global percentage 97.95% 2.05% 

Contrast 

0 430 4 

1 184 4 

Global percentage 98.71% 1.29% 
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5. Conclusions  

The students' dropout from the educational system requires a spe-

cial interest in the Higher Education Institutions, especially in the 

public sector. This problem causes negative effects such as the 

student's failure in the achievement of their academic goals. Addi-

tionally, it also generates economic losses for the institutions and 

governments, the decrease in the graduation rate generates big 

social and institutional problems.  

The results of the experimental process allow determining that the 

factors: addiction to the social networks, addiction to the emotion-

al attachment, marital status and age were considered as influenc-

ing factors to the dropout process. 

An accuracy rate of 97.95% allowed determining that the CHAID 

method applied to predict dropout at the universities is optimal in 

terms of quality and effectiveness.  

Based on the obtained results, it can be established that the pro-

posed model could be considered as an optimal method to predict 

dropout in students at the universities. 

Also, it can be used by university administrators too as an early 

warning tool in the detection of students at risk of dropping out. It 

can also become a support instrument for the application of uni-

versity policies that allow increasing the rate of student perma-

nence. 
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