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ABSTRACT
Dropping out of university is one of the serious issues of higher education in the public sector and in the private sector, notably in non-profit universities where the students should pay tuition fee. Moreover, in the state universities, where the Ministry of Science, Research and Technology pays the per capita for each student, it imposes economic losses on the government and the higher education system. This study aims to determine and classify the factors influencing student dropout using statistical and machine learning models and then identify and predict the dropout situations. To this end, Hormozgan University Educational System Database containing information on 6915 students at different educational levels between 2011 and 2015 was used. The data were analyzed using statistical learning models such as decision tree (base decision tree, random forest model, and boosting method), logistic regression and machine learning models such as neural network and support vector machine.
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INTRODUCTION

The higher education system is one of the main social institutions in each country (Hejazi & Mashhadi, 2008) where the knowledge is produced and the specialized force is trained. Therefore, in order to achieve the sustainable development and prevent backwardness, universities should be able to train students to use modern technology and take different responsibilities in the organization and community level (Zarafshain et al., 2016). However, higher education system in each country may experience academic drops and lack of educational resources (Tamannaeefar, et al., 2008), including dropout and change of major (Motlagh, et al, 2009).
On the other hand, with the increase of higher education units in the public and private sectors as well as the decrease in the number of students, many of the higher education vacancies of Iran are not in demand, leading to the elimination of some academic majors or even closure of some educational units. Therefore, dropout of university not only affects the academic dropout, but also is considered as a detrimental economic factor in higher education system, imposing damages on various public and private sectors.

In the public sector, per capita for each student in 2016 was announced between 60 and 120 million Rials. Hence, the dropout of every student after a few semesters will cause a great deal of damage to the higher education budget. This can have a more negative impact on non-profit units because their viability depends on the student's tuition. So, continuous studies for each student and identification of situations that may affect the dropout or students who may drop out is of great importance for each higher education unit. These patterns may be unique to each academic or regional unit.

 Modern data-mining science and statistical and machine learning algorithms, which is a subset of data mining, were used in the present study. The model learning refers to fitting the model to a particular set of data and to estimate its parameters. Whenever the model parameters are estimated, the model is trained to follow a particular logic for this data. In other words, the model has learned which pattern and logic should be used for the new data in order to estimate their final value.
In this regard, higher education system in many countries around the world uses the new methods called educational data mining to extract student-related (individual, educational and so on) data, the large amount of data stored in databases and their analysis, identifying students at risk of dropout, providing a suitable model for student retention through services such as counseling and advising to attend the refresher courses in order to identify new factors affecting dropout and reduce the adverse effects of student dropout (Ahmadi et al., 2016).

Theoretical foundations and research background

Table 1 A summary of educational data mining literature including student dropout
	Factors affecting dropout and patterns used
	Place of research

	Secondary school GPA had no effect on dropout; reasons for dropout were identified
	University of Wichita (1986)

	
A predictive model was developed; some recommendations to avoid dropout were required
	University of Michigan (2003)

	Educational background and socioeconomic status, decision tree, neural network and random forest, identification of high, medium and low risk students
	
French universities and
Belgium (2006)

	
Decision tree, neural network, logistic regression and bayes network, predictive model
	University of Southern Oregon (2008)

	Dropout rate was determined; students were classified
	South Texas College (2012)

	The dropout students were clustered into high risk, medium risk and low risk categories
	
University of …. (2012)


Methodology
Hormozgan University Educational System Database containing information on 6915 students at different educational levels between 2011 and 2015 was used. The data were analyzed using statistical learning models such as decision tree (base decision tree, random forest model, and boosting method), logistic regression and machine learning models such as neural network and support vector machine. The R statistical software was used for modeling and parameter estimation.
Table 2 Descriptive information and the characteristics of the research variables

	Variable
	Type
	Variable role
	Level (percentage) - interval
	Average 

	Nativity
	Categorical
	Predictive
	Yes (40%)

No (60%)
	-

	Degree
	Categorical
	Predictive
	Undergraduate (68%)

Postgraduate (28%)

PhD (4%)


	-

	Type
	Categorical
	Predictive
	Day classes (73%)

Night classes (19%)

Free (8%)
	-

	Total average
	Continuous
	Predictive
	(0-19.82)
	13.57

	The number of passed unit 
	discrete
	Predictive
	(0-147)
	52

	The number of conditional semester
	discrete
	Predictive
	(0-6)
	0.3

	Semester
	discrete
	Predictive
	(0-12)
	4.9

	Age
	Continuous
	Predictive
	(17-74)
	24

	Gender
	Categorical
	Predictive
	Female (57%)

Male (43%)
	-

	Dropout
	Categorical
	Response
	Yes (7%)

No (93%)
	-


For this analysis, the dropout variable, which is a dichotomous categorical variable (yes, no), was considered as the response or target (dependent) variable, and the other variables that are a combination of continuous, discrete and categorical variables were considered as the predictive (independent) variables. As shown in Table 2, about 7% of students dropped out, and the remaining 93% had completed their studies. Of these students, 40% were native and 60% non-native. 68% were undergraduate students, 28% were postgraduate students and 4% were PhD students. 

Moreover, 73% of the day students benefited from free education and 27% paid the tuition fees, of whom 19% attended night courses and 8% attended the free courses (free education and self-governing campuses). In terms of gender, 57% were female and 43% male. In these variables, there were 779 missing values ​​in the total GPA variable, due to the high volume of missing values ​​and also because other information on these samples was available, they were not deleted and an alternative method was used to repair this variable. The total average was used for this replacement.
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Figure 2 Box diagram of independent quantitative variables against dropout
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Figure 3 Column diagram of independent qualitative variables against dropout
Table 3 Information on dropout students in terms of independent qualitative variables

	Dropout percentage
	Variable

	Native (6.8), non-native (6.7)
	Nativity

	Undergraduate (8)
Postgraduate (4.6)

PhD (1.6)
	Educational level

	Day (4.6)

Night (1.7)

Free (1.5)
	Type of entrance

	Male (7.6)

Female (6)
	gender
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Figure 4 diagram of independent quantitative variable distribution against dropout

R statistical software was used to analyze the data, plot the graphs and then model them. It is a free-access coding software that nowadays most statistical researchers use it. For model fitting, rattle software package designed for data mining was used (Ismaeili and Seyedi, 2017) (Moradi et al., 2017). There are various classification models, the most important of which are included in this software package. The models used for data fitting to find the effective variables and their significance include decision tree (base decision tree, random forest, boosting), logistic regression, support vector machine and neural network. Table 4 summarizes information on each of these learning models (Gareth et al., 2013).

After preparing the data for modeling, the data were first divided into two categories of training data and test data, so that 80% of the data is used for model (building) training and 20% is used for model testing; because, a statistical good model has a good performance on new data, namely data that did not play a role in model building, or in other words, has a low error rate on new data, i.e. test data. Therefore, after training (building) each model on the training data, its performance on the test data is examined and finally a model is selected as the final model with the lowest error rate on the test data. After fitting the models in Table 4 to the data and then measuring them on the training and test data. The results are summarized in Table 5.

Table 5 shows that the stochastic forest model has the lowest training error rate and test error in all classes and is therefore selected as the final model for data analysis.

Table 4 Some learning models and their definitions

	Definitions
	Type of the Model
	Model

	It is based on rules that separate the space of the response variable. These rules are summarized as a tree.
	Statistical learning
	Base decision tree

	It is a method based on the Bootstrap resampling. At each stage of the construction of the decision tree
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, predictive variable (p for the total number of predictive variables) is randomly selected and used in modeling.
	Statistical learning
	Random forest

	.
The construction of the trees is based on the Bootstrap and the trees obtained at each step complement the previous tree.
	Statistical learning
	Boosting

	It is a regression method where a linear function of the predictive variables is in an exponential relation to the response variable.
	Statistical learning
	Logistic regression

	.
It is a computational method that separates the categories by using concepts known as hyper planes.
	Machine learning
	Support Vector Machine

	It is a computational approach that utilizes programming knowledge to create a network of interconnected artificial neurons for model training.
	Machine learning
	neural network


Table 5 Results of error rates for fitted models
	Training error rate
	Test error rate
	Model

	Total: 5%

Category average: 29%
	Total: 7%

Category average: 38%
	Base decision tree

	Total: 3%

Category average: 12%
	Total: 6%

Category average: 31%
	Random forest

	Total: 5%

Category average: 24%
	Total: 6%

Category average: 32%
	Boosting

	Total: 7%

Category average: 37%
	Total: 7%

Category average: 40%
	Logistic regression

	Total: 6%

Category average: 39%
	Total: 6%

Category average: 43%
	Support Vector Machine

	Total: 9%

Category average: 29%
	Total: 8%

Category average: 39%
	neural network
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Figure 5 ROC diagram for random forest model
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Figure 6 The order of significance of the predictive variables on the dropout

The ROC diagram shown in Figure 5 also reveal the acceptable performance of this model. So that, the closer the area under the curve to 1, the better the model performance is. Here the number of the random forest model is 0.938, which is close to 1.
The significance of each variable on student dropout in terms of the order of importance (based on the reduction in accuracy and Gini coefficient) obtained by the random forest model is shown in Figure 6.
The results of the reduction of model accuracy indicate that the predictive variables of the semester were the most important and the nativity was the least important in the dropout. 

Variables of the semester, type of entrance, and number of units passed are also important. The variables of age, total average and educational level are of medium importance and the number of conditional units, gender and nativity are least important. These results are consistent with the analysis of the initial diagrams shown in Figures 2 to 4. Therefore, semester is one of the most important variables affecting the dropout; previous results show that most students have dropped out in the early semesters. Generally, the most likely dropout rate is for male undergraduates who are in their first semester. This may occur for a variety of reasons, such as vague future for some majors. So, university counseling centers as well as faculty members can focus more on these students, possibly preventing them from dropping out.

Discussion and conclusion
Academic information recorded in Hormozgan University educational system was used for variable analysis of dropout and the discovery of patterns and situations leading to dropout in the present study. The data include information on 6915 students at different educational levels between 2011 and 2015. Different descriptive charts and data mining models including statistical and machine learning models were employed to analyze this data. After fitting different models, using the training error rate and test error rate, the data was best fitted by random forest model and this model was used as the final model for data analysis and identification of variables.

The results of this model revealed that the undergraduate male students who attend the daily courses after passing the university entrance exam are more likely to drop out. Thus, more attempts should be made to encourage them to continue their studies. Importantly, students' satisfaction with their academic studies can encourage other students to continue their courses, too and prevent them from dropping-out. On the other hand, a dropout student or the one who is at dropout risk can be considered as a lost asset that can provide the opportunity for more students to drop out
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